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Abstract

We present PartNet: a consistent, large-scale dataset of

3D objects annotated with fine-grained, instance-level, and

hierarchical 3D part information. Our dataset consists of

573,585 part instances over 26,671 3D models covering 24

object categories. This dataset enables and serves as a cat-

alyst for many tasks such as shape analysis, dynamic 3D

scene modeling and simulation, affordance analysis, and

others. Using our dataset, we establish three benchmarking

tasks for evaluating 3D part recognition: fine-grained se-

mantic segmentation, hierarchical semantic segmentation,

and instance segmentation. We benchmark four state-of-

the-art 3D deep learning algorithms for fine-grained se-

mantic segmentation and three baseline methods for hierar-

chical semantic segmentation. We also propose a baseline

method for part instance segmentation and demonstrate its

superior performance over existing methods.

1. Introduction

Being able to parse objects into parts is critical for hu-

mans to understand and interact with the world. People

recognize, categorize, and organize objects based on the

knowledge of their parts [10]. Many actions that people

take in the real world require detection of parts and reason-

ing over parts. For instance, we open doors using doorknobs

and pull out drawers by grasping their handles. Teaching

machines to analyze parts is thus essential for many vision,

graphics, and robotics applications, such as predicting ob-

ject functionality [13, 14], human-object interactions [18],

shape editing [28, 16], and shape generation [25, 41].

To enable part-level object understanding by learning ap-

proaches, 3D data with part annotations are in high demand.

Many cutting-edge learning algorithms, especially for 3D

understanding [45, 44, 30, 8], intuitive physics [27], and re-

inforcement learning [48, 29], require such data to train the

networks and benchmark the performances. Researchers

are also increasingly interested in synthesizing dynamic
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Figure 1. PartNet dataset and three benchmarking tasks.

data through physical simulation engines [20, 43, 29]. Cre-

ation of large-scale animatable scenes will require a large

amount of 3D data with affordances and mobility informa-

tion. Object parts serve as a critical stepping stone to access

this information. Thus it is necessary to have a large 3D

object dataset with part annotation.

With the availability of the existing 3D shape datasets

with part annotations [5, 3, 45], we witness increasing re-

search interests and advances in 3D part-level object under-

standing. Recently, a variety of learning methods have been

proposed to push the state-of-the-art for 3D shape segmen-

tation [30, 31, 46, 19, 35, 24, 9, 39, 40, 42, 33, 7, 26, 23].

However, existing datasets only provide part annotations

on relatively small numbers of object instances [5], or on

coarse yet non-hierarchical part annotations [45], restricting

the applications that involves understanding fine-grained

and hierarchical shape segmentation.

In this paper, we introduce PartNet: a consistent, large-

scale dataset on top of ShapeNet [3] with fine-grained, hi-

erarchical, instance-level 3D part information. Collecting

such fine-grained and hierarchical segmentation is challeng-

ing. The boundary between fine-grained part concepts are

more obscure than defining coarse parts. Thus, we define a

common set of part concepts by carefully examining the 3D

objects to annotate, balancing over several criteria: well-
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Dataset #Shape #Part #Category Granularity Semantics Hierarchical Instance-level Consistent

Chen et al. [5] 380 4,300 19 Fine-grained No No Yes No

MCL [37] 1,016 7,537 10 Fine-grained Yes No No Yes

Chang et al. [4] 2,278 27,477 90 Fine-grained Yes No Yes No

Yi et al. [45] 31,963 80,323 16 Coarse Yes No No Yes

PartNet (ours) 26,671 573,585 24 Fine-grained Yes Yes Yes Yes

Table 1. Comparison to the other shape part datasets.

defined, consistent, compact, hierarchical, atomic and com-

plete. Shape segmentation involves multiple levels of gran-

ularity. Coarse parts describe more global semantics and

fine-grained parts convey richer geometric and semantic de-

tails. We organize expert-defined part concepts in hierarchi-

cal segmentation templates to guide annotation.

PartNet provides a large-scale benchmark for many part-

level object understanding tasks. In this paper, we focus

on three shape segmentation tasks: fine-grained semantic

segmentation, hierarchical semantic segmentation, and in-

stance segmentation. We benchmark four state-of-the-art

algorithms on fine-grained semantic segmentation and pro-

pose three baseline methods for hierarchical semantic seg-

mentation. We propose the task of part instance segmen-

tation using PartNet. By taking advantages of rich shape

structures, we propose a method that outperforms the exist-

ing baseline algorithm by a clear margin.

PartNet contains highly structured, fine-grained and het-

erogeneous parts. Our experiments reveal that existing al-

gorithms developed for coarse and homogeneous part un-

derstanding do not work well on PartNet. First, small and

fine-grained parts, e.g. door handles and keyboard buttons,

are abundant and present new challenges for part recogni-

tion. Second, many geometrically similar but semantically

different parts require more global shape context to distin-

guish. Third, understanding the heterogeneous variation of

shapes and parts necessitate hierarchical understanding. We

expect that PartNet could serve as a better platform for part-

level object understanding in the next few years.

In summary, we make the following contributions:

• We introduce PartNet, consisting of 573,585 fine-

grained part annotations for 26,671 shapes across 24

object categories. To the best of our knowledge, it is

the first large-scale dataset with fine-grained, hierar-

chical, instance-level part annotations;

• We propose three part-level object understanding tasks

to demonstrate the usefulness of this data: fine-grained

semantic segmentation, hierarchical semantic segmen-

tation, and instance segmentation;

• We benchmark four state-of-the-art algorithms for se-

mantic segmentation and three baseline methods for

hierarchical segmentation using PartNet;

• We propose the task of part instance segmentation on

PartNet and describe a baseline method that outper-

forms the existing baseline method by a large margin.

2. Related Work

Understanding shape parts is a long-standing problem

in computer vision and graphics. Lacking large-scale an-

notated datasets, early research efforts evaluated algorithm

results qualitatively and conducted quantitative comparison

on small sets of 3D models. Attene et al. [1] compared 5

mesh segmentation algorithms using 11 3D surface meshes

and presented side-by-side qualitative comparison. Chen et

al. [5] collected 380 surface meshes with instance-level part

decomposition and proposed quantitative metrics for evalu-

ation. Concurrently, Benhabiles et al. [2] proposed similar

evaluation criteria and methodology. Kalogerakis et al. [17]

further assigned semantic labels to the segmented compo-

nents. Shape co-segmentation benchmarks [38, 11] were

proposed to study co-segmentation among similar shapes.

Recent advances in deep learning have demonstrated the

power and efficiency of data-driven methods on 3D shape

understanding tasks. ShapeNet [3] collected a large-scale

3D CAD models from online open-sourced 3D repositories,

including more than 3,000,000 models and 3,135 object cat-

egories. Yi et al. [45] took an active learning approach to

annotate the ShapeNet models with semantic segmentation

for 31,963 shapes covering 16 object categories. In their

dataset, each object is usually decomposed into 2∼5 coarse

semantic parts. PartNet provides more fine-grained part an-

notations that contains 18 parts per shape on average.

Many recent works studied fine-grained and hierarchical

shape segmentation. Yi et al. [44] leveraged the noisy part

decomposition inputs in the CAD model designs to learn

consistent shape hierarchies. Chang et al. [4] collected

27,477 part instances from 2,278 models covering 90 ob-

ject categories and studied the part properties related to lan-

guage. Wang et al. [37] collected 1,016 3D models from 10

object categories and trained neural networks for grouping

and labeling fine-grained part components. A concurrent

work [47] proposed a recursive binary decomposition net-

work for shape hierarchical segmentation. PartNet provides

a large-scale testbed with 573,585 fine-grained and hierar-

chical shape parts to support this direction of research.

There are also many previous works that attempted to un-

derstand parts by their functionality and articulation. Hu et

al. [13] constructed a dataset of 608 objects from 15 object

categories annotated with the object functionality and intro-

duced a co-analysis method to learns category-wise object

functionality. Hu et al. [12] proposed a dataset of 368 mo-
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Figure 2. PartNet dataset. We visualize example shapes with fine-grained part annotations for the 24 object categories in PartNet.

All Bag Bed Bott Bowl Chair Clock Dish Disp Door Ear Fauc Hat Key Knife Lamp Lap Micro Mug Frid Scis Stora Table TrashVase

#A 32537 186 248 519 247 8176 624 241 1005 285 285 840 287 210 514 3408 485 268 252 247 127 2639 9906 378 1160

#S 26671 146 212 464 208 6400 579 201 954 245 247 708 250 174 384 2271 453 212 212 207 88 2303 8309 340 1104

#M 771 20 18 28 20 77 25 20 26 20 19 60 19 18 57 64 20 28 20 20 20 34 91 19 28

#PS 480 4 24 12 4 57 23 12 8 8 15 18 8 3 16 83 8 12 4 13 5 36 82 15 10

#PI 573K 664 9K 2K 615 176K 4K 2K 7K 2K 3K 8K 1K 20K 3K 50K 3K 2K 839 2K 981 77K 177K 8K 5K

Pmed 14 4 33 5 2 19 5 9 8 7 12 9 4 106 7 12 8 7 3 9 8 24 15 9 4

Pmax 230 7 169 7 4 153 32 16 12 20 14 34 5 127 10 230 8 17 6 33 9 220 214 143 200

Dmed 3 1 5 2 1 3 3 3 3 3 3 3 2 1 3 5 2 3 1 3 2 4 4 2 2

Dmax 7 1 5 2 1 5 4 3 3 3 3 3 2 1 3 7 2 3 1 3 2 5 6 2 3

Table 2. PartNet statistics. Row #A, #S, #M respectively show the number of shape annotations, the number of distinct shape instances

and the number of shapes that we collect multiple annotations. Row #PS and #PI show the number of different part semantics and part

instances that we finally collect. Row Pmed and Pmax respectively indicate the median and maximum number of part instances per shape.

Row Dmed and Dmax respectively indicate the median and maximum hierarchy depth per shape, with root node as depth 0.

bility units with diverse types of articulation and learned to

predict part mobility information from a single static seg-

mented 3D mesh. In PartNet, we assign consistent seman-

tic labels that entail such functionality and articulation in-

formation for part components within each object category,

which makes PartNet useful for such research.

3. Data Annotation

The data annotation is performed in a hierarchical man-

ner. Expert-defined hierarchical part templates are provided

to guarantee labeling consistency among multiple annota-

tors. We design a single-thread question-answering 3D GUI

to guide the annotation. We hire 66 professional annotators

and train them for the annotation. The average annotation

time per shape is 8 minutes, and at least one pass of verifi-

cation is performed for each annotation to ensure accuracy.

3.1. Expert­Defined Part Hierarchy

Shape segmentation naturally involves hierarchical un-

derstanding. People understand shapes at different granu-

larities. Coarse parts convey global semantics while fine-

grained parts provide more detailed understanding. More-

over, fine-grained part concepts are more obscure to de-

fine than coarse parts. Different annotators have different

knowledge and background so that they may name parts

differently when using free-form annotation [4]. To address

these issues, we introduce And-Or-Graph-style hierarchical

templates and collect part annotations according to the pre-

defined templates.

Since there are no standard rules of thumb for defining

good templates, it is non-trivial to design good hierarchical

part templates for a category. Furthermore, the requirement

for the designed template to cover all variations of shapes

and parts, makes the problem even more challenging. Be-

low we summarize the criteria that we used to guide our

template design:

• Well-defined: Part concepts are well-delineated such

that parts are identifiable by multiple annotators;

• Consistent: Part concepts are shared and reused

across different parts, shapes and object categories;

• Compact: There is no unnecessary part concept and

part concepts are reused when it is possible;

• Hierarchical: Part concepts are organized in a taxon-

omy to cover both coarse and fine-grained parts;

• Atomic: Leaf nodes in the part taxonomy consist of

primitive, non-decomposable shapes;

• Complete: The part taxonomy covers a heterogeneous

variety of shapes as completely as possible.

Guided by these general principles, we build an And-Or-

Graph-style part template for each object category. The

templates are defined by experts after examining a broad va-

riety of objects in the category. Each template is designed in

a hierarchical manner from the coarse semantic parts to the

fine-grained primitive-level components. Figure 3 (middle)

shows the lamp template. And-nodes segment a part into

small subcomponents. Or-nodes indicate subcategorization

for the current part. The combination of And-nodes and

Or-nodes allows us to cover structurally different shapes
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