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Human beings can easily categorize three-
dimensional (3D) objects with similar shapes and
functions into a set of “visual concepts” and learn
“visual knowledge” of the surrounding 3D real world
(Pan, 2019). Developing efficient methods to learn
the computational representation of the visual con-
cept and the visual knowledge is a critical task in
artificial intelligence (Pan, 2021a). A crucial step to
this end is to learn the shape space spanned by all
3D objects that belong to one visual concept. In this
paper, we present the key technical challenges and
recent research progress in 3D shape space learning
and discuss the open problems and research oppor-
tunities in this area.

1 Introduction

Our real world consists of objects with diverse
3D shapes, structures, and dynamics. Cognitive psy-
chology studies have illustrated that human beings
can efficiently recognize 3D shapes and their rela-
tionships and represent them as “mental imagery”
or “visual knowledge” in their memory (Pan, 2019).
With the help of visual knowledge, human beings can
directly manipulate these 3D objects and scenes in
their mind and easily recognize and reconstruct ob-
jects from 2D drawings such as sketches or stylized
paintings (Pan, 2019).
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In past decades, computer graphics and vision
researchers have developed numerous mathematical
and physical theories and computational methods for
modeling 3D shapes and simulating their dynamics
in computers (Hughes et al., 2013). Digital represen-
tations of 3D objects and the associated 3D modeling
and simulation systems result in the prevalence of
graphics applications such as computer-aided design
(CAD) and computer-aided manufacturing (CAM),
movie making, virtual reality, and 3D games. De-
spite the advances in the past, modeling and recon-
structing 3D shapes is still a difficult task, even for
skilled artists and engineers.

A plausible reason for the gap between the ca-
pability of the human mind and computer graphics
techniques is that current 3D modeling methods do
not have any prior knowledge or “visual knowledge”
of 3D objects, no matter how many 3D shapes have
been created. Pan (2021a) pointed out that the core
of visual knowledge is a set of “visual concepts,” each
of which models a set of 3D objects that share sim-
ilar shapes, appearance, or functions. Typically, a
visual concept is composed of a representative pro-
totype (shape and appearance) and a domain for de-
scribing object variations in the visual concept (Pan,
2019). Different from 3D representations in tradi-
tional graphics that focus on individual 3D objects,
a visual concept models the space spanned by all 3D
objects in a category.
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Therefore, learning the space spanned by 3D ob-
jects in one category (i.e., the 3D objects belong to
one “visual concept”) will be a critical task in com-
puter graphics and computer vision. The learned
shape space will bring more “visual knowledge” or
“prior” to different downstream graphics and vision
tasks, such as 3D shape completion and reconstruc-
tion (Jin et al., 2020; Wang PS et al., 2022), 3D
shape analysis (Wu et al., 2015), and 3D shape gen-
eration and editing (Zheng XY et al., 2022; Yang J
et al., 2023). Moreover, 3D shape space learning is
a cornerstone for constructing visual knowledge and
next-generation artificial intelligence (Pan, 2021a).

In this paper, we focus on techniques developed
for learning the shape space of 3D objects and discuss
the challenges, research progress, and open prob-
lems in this research field. We define the problem of
3D shape space learning, discuss the technical chal-
lenges in this task, summarize the research status
of 3D shape space learning by reviewing our explo-
rations and other recent research works for tackling
each technical challenge, and present the open prob-
lems and research opportunities in 3D shape space
learning.

2 Challenges of 3D shape space learn-
ing

Three-dimensional objects in a category (e.g.,
human faces, chairs, and airplanes) often share a
similar structure or 3D shape and thus form a low-
dimensional subspace in the high-dimensional space
spanned by all 3D shapes. The goal of 3D shape
space learning is to construct a compact and accu-
rate representation of the subspace spanned by all
3D shapes in a category, which can faithfully repre-
sent all 3D shapes in the subspace. In addition, the
learned 3D shape space should be consistent with
human perception so that the nearby 3D shapes in
the learned shape space are visually similar to each
other. In this way, the learned shape space can be
easily controlled by users for 3D shape generation
and editing.

Early techniques have been developed for con-
structing the parametric model of the shape space
from manually aligned 3D shapes in specific shape
classes, such as human faces (Cao et al., 2014; Egger
et al., 2020) and bodies (Loper et al., 2015), as well
as animals (Zuffi et al., 2017). The shapes in these
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classes share the same topology and structure and
thus can be easily aligned via human labeling. For
buildings or trees, procedural modeling techniques
(Méch and Prusinkiewicz, 1996; Miiller et al., 2006)
have been designed for generating 3D shapes in each
specific shape category. All these methods are dedi-
cated to specific object classes and cannot be gener-
alized to other object classes. With the advances in
deep learning techniques, deep learning based meth-
ods have been developed for learning 3D shape spaces
from 3D object collections (Xiao et al., 2020), pro-
viding a generic and powerful solution for learning
3D shape spaces of different shape classes. However,
learning 3D shape space is still a non-trivial task due
to three challenges:

1. No correspondence. For most shape classes,
the 3D shapes in the class exhibit large geometric
variations and have no correspondence with each
other. Due to the large shape variations, manually
aligning these shapes is a difficult task. It is unclear
how to efficiently learn a compact and meaningful
shape space representation from an unaligned 3D
shape collection.

2. Structure variation. Three-dimensional ob-
jects, especially man-made ones, are always com-
posed of parts with similar layouts. Although hu-
man beings can easily recognize the structure (i.e.,
part layout) of 3D shapes from a small number of ex-
emplars, learning the shape structures is still a chal-
lenging task in computer graphics and vision. For
classes (e.g., chairs) that include shapes with various
structures, learning the shape space that consists of
both continuous geometric variations and discrete
structure variation is even more challenging.

3. Dimension gap. Because all imaging sen-
sors can capture only one-dimensional (1D) or two-
dimensional (2D) signals of 3D scenes, capturing a
complete 3D shape is still a labor-intensive task.
Moreover, modeling and labeling 3D data via a 2D
graphical user interface (GUI) is more difficult than
2D image labeling and authoring. As a result, there
are still far fewer 3D models available for deep learn-
ing than their 2D observations (i.e., RGB images or
depth images). Therefore, we need to develop new
methods that learn 3D shape space either from a rel-
atively small 3D dataset or from 2D observations of
3D shapes.

Fig. 1 takes the chair class as an example to
illustrate the three technical challenges.
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Fig. 1 We take the chair class as an example to illustrate the technical challenges of 3D shape space learning:
(a) for 3D chairs with large geometric variations, it is difficult to specify the meaningful point correspondences
(e.g., the dots in different colors) between different 3D shapes; (b) the discrete structure variations of 3D
chairs make the shape space learning more challenging; (c) there is a dimension gap between the 3D chair
models and their 2D observations, with a small number of 3D models (thousands of 3D chairs in the ShapeNet
dataset) and a large number of 2D images (tens of thousands of 2D chair images that can be easily found on
the Internet). References to color refer to the online version of this figure

3 Research progress of 3D shape space
learning

The challenges described above make the 3D
shape space learning task different from other repre-
sentation learning tasks in computer vision. In this
section, we review recent research works on 3D shape
space learning. Our goal is not to provide a compre-
hensive survey of 3D shape space learning methods.
Instead, we try to classify existing 3D shape space
learning methods into different categories according
to how they solve each technical challenge and dis-
cuss the key idea of the representative methods in
each category.

3.1 Learning shape correspondence
To learn 3D shape space from unaligned 3D

shapes,
two categories according to how they address

existing methods can be grouped into

the shape correspondence: implicit correspondence
based methods and explicit correspondence based
methods.

Implicit correspondence based methods encode
the shape space via a deep neural network (DNN)
based on the implicit shape correspondence defined
by their underlying 3D shape representations. Gen-
erally, these methods first transform and scale the
3D shapes into a unified bounding box, convert them
into a specific 3D representation, and feed the con-
verted 3D shapes into the DNN for learning the
latent space of these 3D shapes. In these meth-
ods, the underlying 3D representation defines an im-
plicit correspondence between different 3D shapes.
For volume-based methods (Wu et al., 2015; Riegler
et al., 2017; Wang PS et al., 2017, 2022), which model

3D shapes as the signed distance functions (Park
et al., 2019) or occupancy fields (Mescheder et al.,
2019), the points of the 3D shapes that share the
same spatial coordinate correspond to each other.
For multi-view-based methods (Su et al., 2015; Bai
et al., 2016; Lun et al., 2017), the points of the 3D
shapes that project to the same pixel position cor-
respond to each other. For manifold-based methods
(Masci et al., 2015; Sinha et al., 2016) and point-
based methods (Qi et al., 2017; Yu LQ et al., 2018),
the order of points or surface vertices feeding into
the neural network determines the correspondence
between different 3D shapes, where the points or
vertices that have the same index correspond to each
other.

With carefully designed neural networks, these
methods can faithfully encode all 3D shapes and offer
a good shape space prior to shape reconstruction and
completion, as well as shape understanding. How-
ever, most of these methods cannot guarantee that
each latent code be decoded to a valid 3D shape in
the class. Although a set of implicit correspondence
based generative methods (Chen and Zhang, 2019;
Zheng XY et al., 2022) have been developed for 3D
shape generation, the distance in the latent space
does not correspond to the perceptual distance of
two 3D shapes. As a result, a small change of the
latent codes may lead to large 3D shape variations,
which hinders its usage in many shape modeling ap-
plications. Because these methods do not learn the
correct correspondence between 3D shapes, they are
difficult to apply for learning the disentangled shapes
and appearance space of 3D objects.

Explicit correspondence based methods repre-
sent the 3D shapes as deformations of templates
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shared by all 3D shapes and learn the shape space
and shape correspondence in one task. These
methods can be further categorized into surface-
based methods and volume-based methods. Surface-
based methods (Groueix et al., 2018; Wang NY et al.,
2018; Wen et al., 2019) either learn the mapping
between 3D shape surfaces and a common 2D at-
las or directly learn the correspondence between a
pair of shape surfaces (Jiang et al., 2020).
ever, these methods cannot construct reasonable cor-

How-

respondence between 3D shapes with structure or
topology variations, resulting in poor 3D reconstruc-
tion quality. This is because the points of a part on
one shape surface cannot find their correspondences
on the other shape surface without this part.

Volume-based methods (Liu and Liu, 2020;
Deng et al., 2021; Zheng ZR et al., 2021) represent
the implicit field defined by 3D shapes with the trans-
formed 3D template field and learn the transforma-
tions via a DNN. Although in theory the volumetric
correspondence between implicit fields of two shapes
with different structures can be well defined, design-
ing an algorithm to learn the correspondence from
unlabeled 3D shapes is still a non-trivial task. Liu
and Liu (2020) proposed a method that exploits the
part label of 3D shapes for learning the dense cor-
respondence of 3D shapes. Zheng ZR et al. (2021)
introduced a method that uses the deformed implicit
field for modeling the dense correspondence of 3D
shapes with the same structure.

In Deng et al. (2021), we developed a method
for learning the shape space and the dense corre-
spondence between 3D shapes from unlabeled 3D
shapes. As shown in Fig. 2, the key idea of our
method is to represent the signed distance field of
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each 3D shape with the deformed template field mod-
ified by a correction field. The template field fuses
all possible structures of the 3D shapes in the cate-
gory. The deformation field defines the correspon-
dence between 3D shapes and the template field.
The correction field revises the deformed template
field to the signed distance field of a 3D shape with
a specific structure. Based on this representation,
we have learned a template field shared by all 3D
shapes and a compact latent space for encoding the
deformation fields and the correction fields of all 3D
shapes. As shown in Fig. 2, our method successfully
learns the shape space and reasonable dense corre-
spondence between 3D shapes with different struc-
tures. The learned dense shape correspondence also
enables texture transfer between different shapes. As
a result, the appearance or texture of all 3D shapes
can be separated from the underlying geometry and
encoded in the shared template field.

3.2 Learning 3D structures

Learning the common structure of 3D shapes in
a class and their variations is a critical task in shape
space modeling. From the computational perspec-
tive, the structures can be regarded as the abstrac-
tion of 3D shapes or a region-level correspondence
between 3D shapes. As a result, researchers have
developed a set of deep learning based shape ab-
straction methods and shape segmentation methods
for learning the structures of 3D shapes. According
to the data used for training, these methods can be
classified into supervised methods, semi-supervised
methods, and unsupervised methods.

Supervised methods (Niu et al., 2018; Mo et al.,
2019; Yu FG et al., 2019) formulate this problem
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Fig. 2 Learning the space of 3D shapes and their dense correspondence:
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(a) the deformed implicit field

representation in Deng et al. (2021) models the implicit field of a 3D shape by the sum of a deformed template
field and a correction field; (b) the dense correspondence of 3D shapes learned by the method in Deng et al.
(2021). Reprinted from Deng et al. (2021), Copyright 2021, with permission from IEEE
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as 3D semantic segmentation and solve the problem
with DNNs trained from the labeled datasets. As
the amount of segmented 3D shape data is limited, a
set of semi-supervised methods have been developed
to learn the networks from a small set of segmented
3D shapes and a large collection of unlabeled 3D
shapes. On one hand, these methods can learn and
reveal the semantic structure of 3D shapes, especially
small parts and parts with large geometric variations.
The results are consistent with human perception
and understanding with the help of human-labeled
ground truth. On the other hand, these methods rely
on the labeled dataset for training and are difficult
to apply to unseen 3D shape classes.

Unsupervised methods (Tulsiani et al., 2017;
Sun et al., 2019; Paschalidou et al., 2021; Yang KZ
and Chen, 2021) formulate the structure learning
as a shape abstraction problem, where each shape
is approximated by a sparse set of 3D primitives
(e.g., cuboids) shared by all 3D shapes.
et al. (2019), we proposed an adaptive hierarchical
cuboid representation for modeling variant hierar-
chical structures of 3D shapes in a class. Our key
observation is that although 3D objects in a class
have various structures, they share a common struc-
ture at a higher abstraction level and exhibit vari-
ous structure details in different detailed abstraction
levels. We also developed a neural network for con-

In Sun

structing this adaptive hierarchical representation
from unlabeled 3D shape data. After training, the
learned network can successfully derive the number
of cuboids, their adaptive hierarchy, and parameters
for each 3D shape in the class and reveal the shape
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structures. Fig. 3 demonstrates the adaptive hierar-
chical cuboid representation and the results gener-
ated by our method for 3D airplanes. Compared to
supervised methods and semi-supervised methods,
these unsupervised methods can be used to derive the
shape structure of unseen shape collections. With-
out the supervision of semantic labels, the structures
learned by these methods are totally determined by
3D geometry and thus may be inconsistent with hu-
man perception.

3.3 Learning 3D shape space from 2D images

With the techniques described above, we can
learn the 3D shape space from a large collection of
3D objects modeled by the artist or captured from
the real world. Unfortunately, the difficulty of 3D
acquisition and 3D modeling limits the quality and
scale of the 3D dataset available for deep learning.

To solve this issue, researchers proposed a set
of methods for learning 3D shape space from 2D im-
age collections. The key idea of these methods is to
train a generative adversarial network (GAN) that
can generate 3D representations of the objects whose
2D projections are indistinguishable from the 2D in-
put images. Different from traditional methods that
use multiple-view correspondence or shading cues to
reconstruct the 3D shape of a 3D object from its im-
ages, these methods learn the space of multiple 3D
shapes by discriminating the images rendered from
the 3D objects sampled in the learned space from the
input real images. Early methods (Gadelha et al.,
2017; Li et al., 2019) learned a GAN for generating
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Fig. 3 Unsupervised 3D structure learning: (a) given 3D shapes as input (top), the network in Sun et al.
(2019) infers the cuboid abstraction of the input 3D shapes (bottom); (b) the adaptive hierarchical cuboid
representation, in which the cuboids at different levels are selected for approximating the input 3D shape; (c)
the shape abstraction results generated by the method in Sun et al. (2019), where the different structures of
3D shapes are successfully learned and modeled by the adaptive hierarchical cuboid representation. Reprinted
from Sun et al. (2019), Copyright 2019, with permission from the authors, licensed under CC BY
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Fig. 4 The 3D shapes and objects generated by the GAN learned from 2D images: (a) the volumetric 3D
bird shapes generated by the GAN in Li et al. (2019) (reprinted from Li et al. (2019), Copyright 2019, with
permission from IEEE); (b) the images of the 3D neural radiance manifolds of human faces and cat heads
rendered from different views, which are generated by the learned GANs in Deng et al. (2022) (reprinted from
Deng et al. (2022), Copyright 2022, with permission from the authors, licensed under CC BY)

volumetric 3D shapes from 2D images of a 3D object
collection. Recent methods (Chan et al., 2021; Deng
et al., 2022) learned a GAN for generating 3D geom-
etry and the appearance of 3D objects encoded by
neural radiance fields from a large collection of 2D
real images. Fig. 4 illustrates the 3D shapes gener-
ated by the GAN learned from 2D real images in Li
et al. (2019) and Deng et al. (2022).

4 Looking forward

Three-dimensional shape space learning plays
an important role in 3D shape understanding and
authoring and is critical for constructing the visual
concept of the real-world 3D objects. In this paper,
we discuss the main challenges in 3D shape space
learning and review recent research works for solving
these challenges.

Although researchers have made great progress
in developing efficient techniques for 3D shape space
learning, there are still many open problems in this
area. Below we list a few of them in which we are
interested and hope this incomplete list will inspire
more discussions and attract more investigations in
this area.

1. Three-dimensional learning from 2D images

As described in Section 3.3, GAN-based meth-
ods provide a new paradigm for learning the shape
and appearance space of 3D objects from 2D image
collections. Different from traditional 3D reconstruc-
tion techniques that are built on a solid theoretical
foundation and have been well studied, there are
many unknowns in the theory and practice of this

new paradigm. In theory, it is unclear how many

images are required for reconstructing a 3D shape
space. It is also unclear in what conditions we can
reconstruct the 3D shape space from 2D image collec-
tions and in what conditions we cannot. In practice,
we need to develop efficient representations and ro-
bust algorithms for learning the space of detailed 3D
shapes from as few 2D images as possible.

2. Disentangled representation of 3D objects

In this paper, we focus mainly on the challenges
and techniques for 3D shape space learning. How-
ever, real-world 3D objects have multiple attributes,
such as 3D shapes, surface appearance, and dynam-
ics. Pan (2019) pointed out that the visual concept
of a 3D object class should consist of the prototypes
and domains of all the attributes of 3D objects in
the class. To this end, we need to develop a dis-
entangled representation of 3D objects for modeling
the 3D shape and appearance of 3D objects, as well
as their dynamics, in which each attribute can be
separately modeled and manipulated. We also need
to develop efficient methods for learning the space
of 3D objects with disentangled attributes from an
unlabeled 3D dataset or image/video collections.

3. Online learning of visual concepts

Although human beings can gradually learn new
visual concepts from the surrounding 3D environ-
ment and aggregate their visual knowledge, existing
DNN models are difficult to update with new in-
puts after training. It is interesting to design new
DNN architectures, develop new training strategies
and learning schemes so that we can keep learning
and updating the 3D object space model with online
input, and finally obtain a model of all 3D objects in
the real world.
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4. Closing the loop of visual concept learning
and application

After 3D shape space learning, the learned 3D
shape space can be used for various downstream
tasks, such as 3D modeling, shape classification and
segmentation, as well as object detection and scene
understanding. Furthermore, the learned 3D shape
space and the outputs of these downstream tasks can
be used for visual concept learning. It is interesting
to explore how to leverage the learned visual concept
or visual knowledge for 3D shape space learning. An-
other interesting research topic is how to develop an
efficient user interface and interaction methods that
can exploit the user’s visual knowledge for efficient
3D shape space learning.

5. From visual concept to visual knowledge and
beyond

We believe that 3D shape space learning is a
small but important step toward constructing the
“visual concept” of all 3D objects and scenes in the
real world. The techniques and representations for
3D shape space and “visual concept” learning will
not only advance the traditional 3D computer graph-
ics with state-of-the-art artificial intelligence tech-
niques, but also make the graphics representation a
cornerstone in constructing the visual knowledge for
artificial intelligence. Early cognitive studies have
shown that “the quantity of visual knowledge present
in human memory is larger than that of verbal knowl-
edge, and that “understanding of verbal knowledge
further requires assistance from this visual knowl-
edge” (Pan, 2019, 2021b). Inspired by this obser-
vation, the constructed visual knowledge will finally
be fused with state-of-the-art deep learning repre-
sentations and techniques developed for vision and
natural language processing together and help arti-
ficial intelligence evolve into a new era.
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