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Figure 1: From an input RGB-D scan (left), we propose to detect objects in the scan and predict their complete part
decompositions as semantic part completion; that is, we predict the part masks for the complete object, inferring the part
geometry of any missing or unobserved regions in the scan. To achieve this, we predict the part structure of each detected
object to drive a geometric prior-driven prediction of the complete part masks.

Abstract

Recent advances in 3D semantic scene understanding
have shown impressive progress in 3D instance segmenta-
tion, enabling object-level reasoning about 3D scenes; how-
ever, a finer-grained understanding is required to enable
interactions with objects and their functional understanding.
Thus, we propose the task of part-based scene understand-
ing of real-world 3D environments: from an RGB-D scan
of a scene, we detect objects, and for each object predict
its decomposition into geometric part masks, which com-
posed together form the complete geometry of the observed
object. We leverage an intermediary part graph represen-
tation to enable robust completion as well as building of
part priors, which we use to construct the final part mask
predictions. Our experiments demonstrate that guiding part
understanding through part graph to part prior-based pre-
dictions significantly outperforms alternative approaches to
the task of semantic part completion.

1. Introduction

Recently, we have seen remarkable advances in 3D seman-
tic scene understanding, driven by efforts in large-scale data
collection and annotation of 3D reconstructions of RGB-
D scanned environments [4, 2], coupled with exploration
of 3D deep learning approaches across 3D representations
[43, 31, 4, 12, 30, 10, 6]. These have enabled a basis for
3D perception at the level of objects, which is essential for
semantic understanding, but lacks finer-grained understand-
ing often critical for enabling interactions with objects and
reasoning about functionality.

At the same time, notable progress has been made in
part segmentation for shapes [26, 25, 14]. However, these
methods have been developed on synthetic datasets such
as ShapeNet [3], of objects in isolation; this scenario is
much less complex than the objects observed in real-world
environments. Thus, we aim to bring these two directions
together and propose the task of semantic part completion,
predicting the part decomposition of objects in real-world
3D environments.

To achieve part-based understanding of a scene, we pro-
pose to predict the full part graph for each detected object,
and based on the predicted part graph, the geometric masks



for each complete part.
To address part-based understanding, we propose an ap-

proach to decompose a 3D scan of a scene into its complete
object parts, outperforming state-of-the-art alternative ap-
proaches for the task.

2. Related Work
3D Object Detection and Instance Segmentation. Fol-
lowing the success of convolutional neural networks for
object detection and instance segmentation in 2D im-
ages [9, 33, 32, 15], we are now seeing notable advances in
3D object localization and segmentation. Earlier approaches
leveraging 3D convolutional neural networks developed
methods operating on dense voxel grids using 3D region
proposal techniques for detection and segmentation [37, 16].
There are also efficient methods based in sparse voxel back-
bones [8, 13]. These approaches have now shown impressive
performance for instance-level scene understanding; we aim
to build upon this and propose to infer finer-grained part
decomposition for each object in a 3D scan.

3D Scan Completion. Repairing and completing holes or
broken meshes has been well-studied for 3D shapes. There
are methods that are focused on repairing small holes [27, 46,
39, 21, 22] as well as structural shape completion [40, 24, 28,
36, 39]. In addition to operating on the limited spatial context
of shapes, generative deep learning approaches have also
been developed for completion of 3D scenes [38, 7, 5, 17].

Part Segmentation of 3D Shapes. Understanding the
structure of a 3D shape by identifying shape parts has
been long-studied in shape analysis. Various approaches
have been developed for finding a consistent segmenta-
tion across a set of shapes without supervision of part la-
bels [11, 19, 35, 18]. To better capture more complex struc-
tures in the part layout of shapes, several methods propose
to parse object parts as hierarchies [42, 41, 45, 26, 25]. We
also adopt a relational inference of parts, but aim to operate
on noisy, incomplete real-world scans of scenes with multi-
ple objects, and so propose to combine our hierarchical part
decomposition with strong geometric part priors.

3. Method
Overview We address the problem of simultaneous part
segmentation and completion of objects of real-world RGB-
D scans, which are often noisy and incomplete. An overview
of our approach is illustrated on Fig. 2. Given an input 3D
scan S, we aim to predict a set of parts for each object in
the scan, with each part representing the complete geometry
of the part, including any missing or unobserved regions.
From S, we first detect a set of object instances O = {oi} in
the scene, as 3D bounding box locations and class category

predictions. For each detected object in O, we then convert
it into a 323 occupancy grid representation, to inform our
part segmentation and completion.

We then predict the part segmentation and completion for
each detected object oi ∈ O, resulting in a set of volumetric
binary part masks. First, for a detected object oi, we predict
its semantic part structure Ti, with elements representing
part class types, and the adjacency relations between the
parts. This enables encoding the high-level, semantic part
structure of the shape, which both facilitates completion of
the shape structure, as missing parts are easy to identify in
their semantic part structure, as well as guides the prediction
of the geometry of each part.

Object Detection From an input 3D scan, we first detect
objects in the scene. We leverage a state-of-the-art 3D object
detection approach, MLCVNet [44], as our object detection
backbone. The input scan sampled to a point cloud, and
object proposals are produced by voting [29], leveraging
global contextual information at various scales.

Since our object detection backbone predicts axis-aligned
bounding boxes for each object, we additionally predict the
orientation ri of each object oi by classifying the angle in
nα = 8 bins of discretized angles ({0◦, 45◦, . . . , 315◦}).

Semantic Part Decomposition For a detected object oi
from the scan, represented as a 323 occupancy grid of the
scan geometry within its predicted bounding box, we aim
to capture its high-level part structure from its cluttered and
partial observation. We predict the semantic part structure
Ti of the object; this facilitates completion of the object by
predicting its high-level structure, as well as enables our
prior-guided part geometry prediction.

We first encode the occupancy grid of oi with four 3D
convolutional blocks, and extract a feature encoding zi of
dimension 128. We then decode zi into a semantic part
prediction, constructing a part set Ti with each element rep-
resented by its predicted part category and a 128-dimensional
feature encoding. Inspired by StructureNet [25], we leverage
a message-passing graph neural network for our semantic
part prediction which enables relational inference between
semantic parts. From zi, we predict part elements using an
MLP to predict nparts = 10 latent vectors {z′k} that cor-
respond to potential parts of o each of which has a tuple
tk = (ek, sk), where ek is the probability of part existence,
sk is the one-hot representation of the part category label.
We leverage this part semantic information to guide our final
part decomposition as geometric part masks.

Prior-guided Geometric Part Decomposition We then
predict the final part decomposition by generating complete
part masks for each element in the predicted semantic part
arrangement Ti. Rather than directly reconstructing the part



Figure 2: Overview of our approach. From an input scan, we detect objects as their 3D bounding boxes, and for each object (a
chair and a trash can visualized top and bottom, respectively), we predict their semantic part structure, which is then used to
guide a geometric prior-based part mask prediction. This results in a part decomposition of the scene where each object is
decomposed into its complete part geometry, including any missing or unobserved regions.

geometry of each predicted part, we observe that object parts
often maintain very similar geometry structures. That is,
we construct geometric part priors to aid in generating our
complete part mask predictions.

We construct our geometric part priors by k-means clus-
tering of the binary part masks in the train set, inspired by
the ShapeMask [23]. For each part type, we find K = 10
centroids of the part masks, and perform the clustering
on the part masks in 323 grids of the canonical object
space. This produces a set of part priors {P1, . . . , PM}
with M = nclassesK. Examples of priors are visualized in
Figure 2.

To predict the part geometry associated for an element
in the predicted semantic part set Ti with feature encod-
ing z′k and predicted part type t, we use a one-layer MLP
which takes as input z′k and predicts a set of weights wm
used to construct an initial part reconstruction as P coarse

k =∑Mt

m=1 wmP
r
m, where w = softmax(φ(z′k)), φ is a linear

layer and r denotes rotated prior according to predicted
orientation. We employ a proxy loss on this initial part re-
construction, using a mean squared error with a target part
mask.

We then refine the predicted P coarse
k using four 3D con-

volutional blocks taking as input the concatenation of the
geometry of oi and P coarse

k to produce P refine
k ; we then obtain

the final part mask prediction, Pk = P coarse
k + P refine

k .

Training Details In order to train our approach, we lever-
age the Scan2CAD dataset [1] in combination with Part-
Net [26]. Scan2CAD contains annotations of CAD mod-
els from ShapeNet [3] aligned to the 3D scans of Scan-
Net [4], and we use the part annotations of PartNet for these
ShapeNet CAD models to obtain our ground truth part de-
compositions of the 3D scans. We train our part decom-

position with an Adam optimizer, using a batch size of 24,
learning rate of 0.001, and weight decay of 0.01.

4. Results

We evaluate our proposed approach in comparison to alter-
native approaches for semantic part completion on real-world
RGB-D scans. We use scans from the ScanNet dataset [4],
as well as the Scan2CAD [1] annotations of CAD model
alignments from ShapeNet [3] to the ScanNet scans, coupled
with the PartNet [26] annotations for the part decomposition.

Comparison to alternative approaches. In Table 1, we
compare to several state-of-the-art approaches for part seg-
mentation and scan completion, coupled together to pro-
vide a complete part decomposition of the objects in a scan.
As an alternative approach for this task, we consider scan
completion followed by object detection and part instance
segmentation. We employ the state-of-the-art scan comple-
tion approach SG-NN [5] to generate a prediction for the
complete geometry of a partial scan observation, and then
apply the object detections of with MLCVNet [44], obtain a
final complete part decomposition by the state-of-the-art in-
stance segmentation of PointGroup [20]. We also compare to
StructureNet [25] on MLCVNet detections. We additionally
consider a UNet [34] composed of 3D volumetric convo-
lutions as a baseline for the final part segmentation, which
helps to indicate the performance of a similar approach with-
out the use of geometric priors or semantic part relations
before predicting the final part masks. These approaches do
not consider explicit part structure reasoning, whereas our
prediction of semantic parts and their relations helps to guide
or prior-based decomposition for a more effective complete
part decomposition.



Chamfer Distance (↓) IoU (↑)

Method chair table cab. bkshlf bed bin class avg inst avg chair table cab. bkshlf bed bin class avg inst avg

SG-NN + MLCVNet + PointNet++ 0.078 0.111 0.111 0.062 0.084 0.197 0.107 0.097 2.3 3.7 0.5 2.7 4.8 0.5 2.5 2.2
SG-NN + MLCVNet + UNet 0.050 0.118 0.080 0.053 0.083 0.108 0.082 0.073 17.5 6.4 7.6 12.4 13.3 13.9 11.9 13.3
SG-NN + MLCVNet + PointGroup 0.074 0.102 0.100 0.063 0.091 0.140 0.095 0.093 5.1 1.5 1.0 4.5 4.5 0.9 2.9 2.9
MLCVNet + StructureNet 0.029 0.095 0.065 0.037 0.076 0.106 0.068 0.057 13.8 0.5 3.8 9.0 3.9 9.3 6.8 8.9

Ours 0.033 0.089 0.069 0.033 0.054 0.096 0.062 0.053 22.1 7.7 13.0 18.1 17.3 22.0 16.7 18.3

Table 1: Evaluation on semantic part completion on Scan2CAD [1]. We compare with state-of-the-art approaches for scan
completion [5], followed by object detection [44], and then part segmentation [20, 25, 30]. By leveraging part structures to
guide our prior-based approach, we obtain more accurate part decompositions.

Figure 3: Qualitative results on real-world ScanNet [4] scenes using Scan2CAD [1] and PartNet [26] targets. Our approach
effectively predicts each object’s complete geometry as a decomposition into semantic parts.

In Figure 3, we show qualitative results: with part struc-
ture reasoning, our approach can predicted clean and non-
intersecting parts, disregarding the balance across parts in
terms of quantitative distribution in a dataset and in a single
instance. Our part structure guided priors enable more effec-
tive and accurate part decompositions of the objects in the
scenes in comparison to baselines.

Limitations. While our approach for semantic part com-
pletion shows promise towards a finer-grained, semantically
part-based understanding of 3D environments, we believe
there are many avenues for further development. For in-
stance, a dense volumetric representation of parts may suf-
fice for functionality analysis of furniture-type objects, but
can struggle to generate very high resolution parts for small
objects. Furthermore, objects are currently considered in-

dependently for each part decomposition, where relational
inference between objects in a scene would help to explain
noisy or unobserved part regions.

5. Conclusion

In this paper, we have presented a new approach for the
semantic part completion task of predicting a geometrically
complete part decomposition for each object in a 3D scan.
We show that our structural and prior-guided reasoning about
object parts notably outperforms alternative approaches on
this task. We believe that our approach makes an important
step towards part-based understanding of 3D environments,
and opens up new possibilities for part-level functionality
analysis, autonomous agent interactions with an environ-
ment, and more.
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