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Abstract: Conceptual design is the foundational stage of
a design process that translates ill-defined design problems
into low-fidelity design concepts and prototypes through de-
sign search, creation, and integration. In this stage, product
shape design is one of the most paramount aspects. When ap-
plying deep learning-based methods to product shape design,
two major challenges exist: 1) design data exhibit in multiple
modalities, and 2) an increasing demand for creativity. With
recent advances in deep learning of cross-modal tasks (DL-
CMT), which can transfer one design modality to another,
we see opportunities to develop artificial intelligence (AI) to
assist the design of product shapes in a new paradigm. In this
paper, we conduct a systematic review of the retrieval, gen-
eration, and manipulation methods for DLCMT that involve
three cross-modal types: text-to-3D shape, text-to-sketch,
and sketch-to-3D shape. The review identifies 50 articles
from a pool of 1341 papers in the fields of computer graph-
ics, computer vision, and engineering design. We review 1)
state-of-the-art DLCMT methods that can be applied to prod-
uct shape design and 2) identify the key challenges, such as
lack of consideration of engineering performance in the early
design phase, that need to be addressed when applying DL-
CMT methods. In the end, we discuss the potential solutions
to these challenges and propose a list of research questions
that point to future directions of data-driven conceptual de-
sign.

Keywords: Conceptual Design, Product Shape Design,
Deep Learning, Multi-modality, Cross-modality.

1 Introduction
The product shape is essential in the conceptual design

of engineered products because it can affect both the aesthet-
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ics and the engineering performance of a product [1]. Figure
1 shows the flow of information and the key steps for the
design of product shapes at the conceptual design stage [1],
where the information can be categorized into three modal-
ities: natural language (e.g., text), sketches (e.g., 2D sil-
houette), and 3D shapes (e.g., meshes). We call them de-
sign modalities. Generally, customer needs and engineer-
ing requirement documents are in the form of natural lan-
guages. Design sketches and drawings are effective ways of
brainstorming and expressing designers’ preferences. Low-
fidelity design concepts and prototypes from the conceptual
design stage are often represented by 3D shapes in digital
format. Design Search, Design Creation, and Design Inte-
gration are the core steps of conceptual design to gather in-
formation from existing design solutions for inspiration and
to develop novel design concepts to better explore the design
space [1].

Early design automation methods, such as grammar- and
rule-based methods, rely primarily on human design experi-
ence and knowledge to generate design alternatives [2]. In
contrast, deep learning methods can learn latent design rep-
resentations from data without explicit design rules or gram-
mars, so they have been increasingly adopted in many engi-
neering design applications. So far, however, deep learning
methods have been applied mainly in the later stages of engi-
neering design for design automation [3]. It is challenging to
apply deep learning methods to the conceptual design stage
(i.e., the early design stage) for several reasons. For example,
data in the conceptual design stage exhibit multiple modali-
ties, but deep learning methods are usually applied to handle
a single design modality. Moreover, in conceptual design,
designers often gather a large set of information for design
inspiration in different design steps, but deep learning meth-
ods tend to focus on one specific design task at a time. Fi-
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Fig. 1. Iterative conceptual design stage in the development of engineered products

Fig. 2. Deep learning-based design process with humans in the loop

nally, human (either user or designer) input and interactions
are desired in conceptual design to improve design creativity
and human-centered design, but most current design meth-
ods developed using deep learning do not interact directly
with human data, but only implicitly capture human prefer-
ences from training datasets, as shown in Figure 2.

With recent development in deep learning of cross-
modal tasks (DLCMT) 1, we see the opportunities of apply-
ing these methods to address the aforementioned challenges,
particularly in product shape design, such as car body and

1DLCMT is a class of problems, aiming to translate one modality of
data to another, e.g., from text to 3D shapes. To solve this problem, there is
a large body of literature on cross-modal representation learning (CMRL).
CMRL aims to build embeddings using information from multiple modal-
ities (e.g., texts, audio, and images) in a common semantic space, which
allows the model to compute cross-modal similarity [4]. In this paper, our
review is not limited to reviewing CMRL methods but also includes other
deep learning methods that can solve cross-modal problems.

plane fuselage [5, 6]. DLCMT allows explicit human input
in one design modality and translates it to another modal-
ity, e.g., from natural language or sketches to 3D shapes, as
shown in Figure 2. In DLCMT, there are cross-modal re-
trieval, generation, and manipulation methods. Cross-modal
retrieval methods can be used to search an existing design
repository for inspiring design ideas. Cross-modal genera-
tion methods can be used to explore a design space to gen-
erate new design concepts. Lastly, cross-modal manipula-
tion methods can further edit and manipulate existing designs
to refine designs. These three categories of methods can be
used in the Design Search, Design Creation, and Design In-
tegration steps (Figure 1), respectively. In this paper, we con-
ducted a systematic review of the state-of-the-art methods for
DLCMT. Through a close examination of the existing liter-
ature, our objective is to identify the DLCMT methods and
technologies that can be used to facilitate the conceptual de-
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sign and the challenges associated with applying them.
A total of 50 recently published journal articles and con-

ference papers are identified and closely reviewed from the
fields of computer graphics, computer vision, and engineer-
ing design. We focus on the text, sketches, and 3D shapes
because they are the main design modalities in conceptual
design. Specifically, we reviewed deep learning methods
for three types of cross-modal tasks: text-to-sketch, text-to-
3D, and sketch-to-3D. We found that most of the literature
comes from computer graphics and computer vision, with
few attempts at engineering design applications. This poses
new challenges and opportunities for adapting the models
and techniques developed to solve engineering design prob-
lems and, particularly, to bridge human input and interac-
tions with deep learning methods in the conceptual design of
engineered product shapes.

The remainder of this paper is organized as follows.
Section 2 introduces background knowledge on conceptual
design, design modalities, and our motivation for the review.
Section 3 presents the methodology for our systematic re-
view. We tabulate all the reviewed articles and present four
statistics from the literature in Section 4. We then discuss
the literature in detail and answer the research questions of
the systematic review in Section 5. In the end, we propose a
list of six research questions that will inform future research
directions in Section 6 and conclude our work with closing
remarks in Section 7.

2 Background
2.1 Conceptual Design

Conceptual design lies in the early phase of a design
process in which the form and function of a product are
explored [7]. In conceptual design, it is crucial to explore
the design space as much as possible, and designers are de-
manded to generate creative designs so that the products are
likely to succeed in the market [8, 9]. As shown in Figure
1, we adapt and reinterpret the five-step concept generation
method in conceptual design [1]. The five steps are Prob-
lem Clarification, Design Search, Design Creation, Design
Integration, and Reflection. Through these five steps, the
method transfers information, such as customer needs, en-
gineering requirements, and design ideas, to design concepts
in the form of sketches and 3D shapes. The corresponding
input and output of each step are represented by dotted rect-
angles. The process is linear in sequence from left to right,
but almost always iterative. For example, feedback from Re-
flection could influence Problem Clarification and its subse-
quent steps. Each design step can also be iterative so that
the design problem can be better understood, and the design
space can be better explored [1].

In the conceptual design phase, the shape of a product
is one of the most important considerations that are influen-
tial on the aesthetics of a product and its engineering per-
formance [1, 10]. In this paper, we focus primarily on re-
viewing the DLCMT methods that can be applied for prod-
uct shape design in the three concept generation steps, i.e.,
Design Search, Design Creation, and Design Integration, be-

Fig. 3. Cross-modal tasks in conceptual design

cause they are the core steps for design concept exploration.

2.1.1 Design Search
Design Search is the step of collecting information on

existing design solutions to a design problem. In practice,
several ways, such as patents, literature, and benchmarking,
can be used to gather useful information [1]. By analyzing
those existing products, designers can summarize their ad-
vantages and disadvantages, so that they can make necessary
and customized changes to existing designs to create satis-
fying ones. However, the repository of existing design op-
tions could be huge, so the search process would be time-
consuming and cumbersome, placing significant cognitive
and physical burdens on designers. One possible solution to
this problem is to use an AI-assisted search process, where
designers can predefine search criteria and utilize computers
to search for relevant design solutions.

2.1.2 Design Creation
Design Creation emphasizes exploring novel design

concepts. Designers brainstorm ideas and explore the design
space to create novel design concepts based on the knowl-
edge of designers [1]. Design ideas are often presented as
sketches and text descriptions during conceptual design [11].
Text descriptions are used to document and describe design-
ers’ ideas, while sketches can help visualize design concepts,
further triggering creative design ideas [12–14]. Low-fidelity
3D models are then created for better visualization and fur-
ther development. However, creating 3D models involves a
lot of manual work and could be time-consuming. To fa-
cilitate the creation of novel 3D shapes, generative design
methods can be used to automate the process.

2.1.3 Design Integration
The Design Integration is the step where designers aim

to systematically integrate the information collected from
previous steps to generate the integrated design concept(s)
[1]. For product shape design, designers usually need to edit
and manipulate designs collected from the Design Search
and Design Creation steps. But, it can be challenging to
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Table 1. The text types of natural language data used in DLCMT
and the examples

Text Type Examples

Natural language

descriptions (NLD)

“It’s a round glass table with

two sets of wooden legs that

clasp over the round glass edge”.

Object names “chairs”, “cars”, “planes”

Semantic keywords
“circular short”,

“rectangular wooden”

modify these designs computationally because their repre-
sentations have certain formats (e.g., a 3D shape in voxels or
point clouds or a sketch of a raster image). Some formats are
not editable and must be translated into other formats, such
as mesh or B-rep. Therefore, automating the modification
with human inputs can significantly simplify the process.

2.2 Modalities in Conceptual Design
As shown in Figure 1, there are three main design

modalities: natural language (NL), sketches, and 3D shapes,
in conceptual design. In an example of car body design, as
shown in Figure 3, the three modalities could be “I want a
red sedan car” (NL), hand-sketching a car with desired fea-
tures (sketch), and then creating a computer-aided design
(CAD) model of the car (3D shape). NL allows people to
convey and communicate ideas and thoughts. It is also the
primary means for documentation, such as documentation of
customer needs and engineering requirements. Sketches are
often used to brainstorm design concepts because sketching
can stimulate designers’ creative imagination [12–14]. Then,
a 3D shape is often built to provide better visualization and
a low-fidelity prototype model for further evaluation and de-
velopment of a concept.

NL data are often in the format of the text, which is usu-
ally the keyword in DLCMT methods. As shown in Table 1,
there are mainly three types of text used as input in DL-
CMT, which are natural language descriptions (NLD), ob-
ject names, and semantic keywords. 2D sketches can be rep-
resented in multiple ways, such as a pixel image 2 in static
pixel space and vector image in dynamic stroke coordinate
space [15, 16]. There are also generally two types of 3D
sketches in the literature, and we refer to them as Type I and
Type II, respectively. Type I: This kind of 3D sketch is repre-
sented in a 2D space. But compared to regular 2D sketches,
they look like 3D objects. Type II: The 3D sketches that
can be represented in a 3D space (either real or computa-
tional). Such a type of 3D sketch data can be captured and

2Images can include both sketches and natural photos. In the literature,
we notice that DLCMT methods of natural photos usually use “image” while
the methods of sketches use “sketch” as the keyword, respectively. Also, in
engineering design, sketches are usually considered as lines and strokes. To
identify DLCMT methods for engineering design, we exclude correspond-
ing methods of “image”.

generated using virtual reality (VR) tools or motion sensing
devices. They can also be created using 3D sketching soft-
ware (e.g., SolidWorks or Autodesk). 3D shapes are typi-
cally built as B-rep models using CAD software in engineer-
ing design. However, in computer graphics and the 3D deep
learning fields, 3D shapes are usually represented as meshes,
point clouds, and voxel grids. Compared to CAD models,
these 3D representations typically have lower fidelity with
fewer geometric details and structural information because
(1) coarse resolution might be used to represent the shapes
due to the limitations of computational resources [17, 18],
(2) certain representations are not good at representing geo-
metric details and topological structure by nature (e.g., point
clouds; see Table 2 for more information), (3) the conver-
sion of one representation to another might lose geometric
or topological information [19, 20].

2.3 Review Motivation
Our motivation for this literature review is driven by the

following two major challenges posed in conceptual design.
The recent advancement in DLCMT gives us opportunities to
address these challenges and bring new design experiences in
conceptual design.

Challenge 1: Multi-modalities. There are multiple de-
sign steps (e.g., Design Search, Design Creation, and Design
Integration) in the conceptual design stage, which involve in-
formation and data with different design modalities. Design-
ers conduct design activities with different modalities during
the conceptual phase to best explore the design space and
generate novel ideas [21, 22].

Deep learning methods that can be used for Design Cre-
ation have been the focus [3], but most of them are fo-
cused on handling a single design modality as pointed out by
[23, 24]. Typically, these methods use unimodal data of de-
signs either in 2D [25–27] or 3D [28–31]. In addition, there
is a lack of either unimodal or cross-modal methods that are
useful for Design Search and Design Integration [24].

But not until recently, we see studies in the engineering
community utilizing DLCMT to assist concept creation or
design evaluation [23,32,33]. DLCMT methods take into ac-
count multiple design modalities, such as texts and sketches.
There are retrieval, generation, and manipulation methods
for DLCMT and they can be applied to different steps in con-
ceptual design: (1) DLCMT retrieval methods can be used
for Design Search since they can search existing data and re-
turn designs that best match the query of users (e.g., return-
ing several chairs given a query by sketch) [34]; (2) Gen-
eration methods (e.g., sketch-to-3D shape generation meth-
ods [33, 35]) can be used to automate the Design Creation
process; (3) Manipulation methods can allow designers to
modify the designs from another design modality. For exam-
ple, using a text-to-3D manipulation method [36], designers
can modify a 3D design by providing a simple text descrip-
tion without direct manipulation of the design, and this can
significantly reduce the time for the design modification.

Challenge 2: Creativity. Design creativity is critical in
conceptual design which can largely affect the success of a
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Fig. 4. Potential design applications enabled by DLCMT: (a) Democratization of product design; (b) AI-based pedagogical tools for educating
and training students or novice designers; (c) Immersive design environment

product in the market. There are three main aspects (i.e., de-
sign novelty, contextual information, and human-computer
interaction) that should be addressed for design creativity in
the context of deep learning-based design processes.

(1) Design novelty. Deep learning methods (e.g., VAEs
and GANs) can generate new data that are not seen in
the training dataset but are still based on interpolation
within the boundary of the training data. Therefore, the
new designs generated from the deep learning-based de-
sign process share great similarities with the existing
ones used as training data. To improve design creativ-
ity, there have been a few deep learning-based methods
that focus on developing neural network architectures
to generate creative designs by enabling deep-learning
models’ extrapolating capabilities [37,38]. These meth-
ods pose new opportunities for design because they can
generate truly novel designs.

(2) Contextual information. On the other hand, humans
have played an essential role in design creativity. How-
ever, despite advances in the development of network
architecture, one observation is that human input and in-
teraction are not much emphasized in the deep learning-
based design process [3]. Burnap et al. [39] pointed out
that a human’s perception of the quality of the design
concepts generated is often not in agreement with their
numerical performance measures. The reason could be
that in most deep learning-aided design processes, de-
signers can only passively select the preferred design
concepts from a set of computer-generated design op-
tions, but human designers may have contextual infor-
mation [40] on a design problem which is hard to be
captured by the training data.

(3) Human-computer interaction. As a result, there is a
need to actively involve designers in a deep learning-
based design process [3, 10]. Some efforts in this re-
gard have recently been made in engineered product de-

sign. For example, the method introduced by [41] allows
users to manipulate the latent space vectors learned by a
GAN model to create preferred design options. Despite
recent advances, we believe that design creativity can
be further improved by involving humans in the design
process to allow more intuitive and natural human input
(e.g., text and sketch). Natural language and sketches
are the most common human input in conceptual de-
sign, and DLCMT methods can intake these human in-
puts and transfer their modalities from one to another
to promote creativity. That is manifested in the envi-
sioned deep generative design process with humans in
the loop, as shown in Figure 2. In such a process, de-
signers can continuously supplement new design ideas
during human-computer interaction to guide computers
to generate creative and feasible design concepts.

In addition, there should be many design processes and
applications that can be facilitated by DLCMT and we show
three typical examples in Figure 4. Design application 1:
DLCMT methods can be used to facilitate design democrati-
zation, allowing ordinary people to customize designs based
on individual preferences [42]. Design application 2: There
are also opportunities to develop AI-based pedagogical tools
to teach students or train novice designers, allowing them
to explore design alternatives with naive input, for example,
just a simple word [43]. Design application 3: Immersive
design uses virtual reality (VR), augmented reality (AR), and
mixed reality (MR) to create a realistic digital environment
in which a user is virtually immersed and can even physi-
cally interact with the digital environment [44]. The DLCMT
methods can be integrated into immersive design applica-
tions to enhance the design experience in human-computer
interaction.

In summary, DLCMT methods are likely to introduce
new opportunities to support and enhance activities in the
conceptual design stage for product shape design and be-
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yond. We conduct a close examination of the existing lit-
erature aiming to identify the existing DLCMT methods and
technologies that can be used for conceptual product shape
design and the challenges associated with applying them. We
will also discuss potential solutions to these challenges and
point out future research directions.

3 Methodology
This study adopts a systematic literature review ap-

proach [45] with the procedure of formulating research ques-
tions for a review, identifying relevant studies, evaluating the
quality of the studies, summarizing the studies, and interpret-
ing the findings.

3.1 Research Questions
We are motivated to ask two research questions (RQs)

according to the discussion above.

RQ 1. What DLCMT methods can be used in the following
three steps of conceptual design?

(1) Design Search
(2) Design Creation
(3) Design Integration

RQ 2. What are the challenges in applying DLCMT to con-
ceptual design and how can they be addressed?

3.2 Literature Search
3.2.1 Content Scope and Keywords

We defined the content scope using the following three
criteria to search the literature relevant to deep learning of
cross-modal tasks (DLCMT): (1) Conceptual design: Design
Search, Design Creation, and Design Integration steps (high-
lighted in Figure 1). (2) Shape design: discrete, physical, and
engineered products. (3) Design modality: text, sketch, and
3D shape.

The keywords identified and used in the literature search
process are “text-to-sketch retrieval”, “text-to-sketch gen-
eration”, “text-to-shape retrieval”, “text-to-shape gener-
ation”, “sketch-based 3D shape retrieval”, and “sketch-
based 3D shape generation”. For “sketch-based 3D shape
generation”, we include the other three commonly used
names: “sketch-based 3D shape reconstruction”, “sketch-
based 3D shape synthesis”, and “3D shape reconstruction
from sketches”.

The reasons for choosing these keywords come from
the following aspects. (1) DLCMT between two different
modalities of text, sketch, and 3D shape, should have six
permutations of cross-modal. In this paper, we focus on the
following three cross-modal tasks: text-to-sketch, sketch-to-
3D shape, and text-to-3D shape, which are then concatenated
with retrieval or generation to form the initial keywords (e.g.,
text-to-sketch generation). We did not include sketch-to-text,
3D shape-to-sketch, and 3D shape-to-text because sketches
or 3D shapes are often the most common artifacts, and the
design information flows in an order of text, sketches, and

3D shapes during the conceptual design. (2) we focus on De-
sign Search which corresponds to retrieval methods, Design
Creation which corresponds to generation methods, and De-
sign Integration which corresponds to manipulation methods
3 . In addition, for the sketch-to-3D shape retrieval or gen-
eration methods, we made some modifications to the key-
words according to the naming convention in the literature
(see a comprehensive review on deep learning methods for
free-hand sketch [15]). For example, we used “sketch-based
3D shape retrieval” instead of “sketch-to-3D shape retrieval”
and the other three common terms introduced previously.

3.2.2 Literature Search Process
As shown in Figure 5, we finally selected 50 articles

that meet our scope of review. Searches were conducted on
the main databases of the literature (i.e., the source scope):
ScienceDirect, Web of Science, Scopus, IEEExplore, ACM
Digital Libraries, and Google Scholar within the time range
of January 2013 to June 2022 (i.e., the time scope: the stud-
ies published in the past 10 years). The reason for choos-
ing that time range is that many significant improvements
in deep learning methods occurred after 2013, for example,
variational autoencoders (VAEs, 2013) [46] and generative
adversarial networks (GANs, 2014) [47]. Since then, they
have been widely applied in various applications, including
the cross-modal tasks reviewed in this paper.

The initial search yielded 1,341 seed articles, includ-
ing duplicates, of which the majority (i.e., 1,304 papers) is
related to two categories: sketch-based 3D shape retrieval
and generation, with only 37 articles for the other four cat-
egories (i.e., text-to-sketch retrieval: 0; text-to-sketch gen-
eration: 3; text-to-3D shape retrieval: 10; and text-to-3D
shape generation: 24) (see details in Table 3 in Appendix A).
To make the review manageable, for the two categories of
sketch-to-3D works, we decided to identify the most influen-
tial studies from those 1,304 papers using Connected Papers
4. We found that [48] and [35] are pioneering work for deep
learning-based sketch-to-3D shape retrieval and generation,
respectively [24]. Therefore, they were used as the origin
papers to find their most relevant work via Connected Papers
(see Figure 11 in Appendix A for the two generated graphs).
The search by Connected Papers identified 21 articles includ-
ing [48] and [35] that meet our content scope.

Another finding was that the publication year of the arti-
cles in the two literature graphs turned out to be up to 2020,
which could indicate that relevant articles published after

3We did not explicitly search for cross-modal manipulation methods be-
cause these methods cannot be found directly using specific keywords, but
can be indirectly identified during the search for cross-modal retrieval and
generation methods. For example, we found the work Text2Mesh [36], us-
ing the keyword “text-to-shape generation” because that keyword appears
in the literature review section of the article, but the work should belong
to manipulation methods after carefully reading its content. However, this
might leave room for a more comprehensive review of the cross-modal ma-
nipulation methods by developing a different search strategy in the future.

4Access link: https://www.connectedpapers.com/. Con-
nected Papers allow readers to enter an origin paper and can generate a
graph of papers with the strongest connections to the origin paper by an-
alyzing about 50,000 research papers.6 Copyright © by ASME



Fig. 5. Literature search process

2020 have not gained enough attention to be considered in-
fluential by Connected Papers. The finding motivated us to
further find the most recent studies for these two categories,
so we decided to search relevant articles within the time
range from January 2021 to June 2022 in Google Scholar
only, because we found that Google Scholar is more inclu-
sive compared to other databases (i.e., the results from other
databases turn out to be a subset of the results obtained from
Google Scholar. See the comparison in Table 3 in Appendix
A). 138 articles were found in this search process. In total,
196 papers were found to merit close examination and re-
view.

We then reviewed the titles and abstracts of all these ar-
ticles to judge their relevance to our content scope. We ex-
cluded 12 preprints, one Master thesis, and one Ph.D. dis-
sertation from those 196 papers because the preprints are
not peer-reviewed or officially published. Finally, 50 arti-
cles were considered the most relevant and therefore closely
reviewed.

4 Summary Statistics of The Literature
We summarized all 50 articles in terms of the follow-

ing variables: method type, publication year, representation
of design modalities, training dataset(s), object class of the
training data, generalizability, user interface, user study, and
publication source in Table 4 of Appendix B which provides
a complete list of these articles and the corresponding values
for each of these variables. We report the statistics of four
variables here, including the type of DLCMT, user interface,
user study, and publication source, as an example, and intro-
duce the others in detail in Section 5.

We did not find any work related to text-to-sketch re-
trieval, possibly due to the lack of interest in practical appli-
cations. We obtained 2 articles for text-to-3D shape retrieval,
6 articles for text-to-3D shape generation, 4 articles for text-
to-sketch generation, 19 articles for sketch-to-3D shape re-
trieval, 18 articles for sketch-to-3D generation, and 5 ar-
ticles for cross-modal design manipulation. Among these
works, [17] can work for text-to-3D shape retrieval and gen-
eration; [50] can perform text-to-3D shape generation and
manipulation; [6, 51] are shown to be capable of sketch-to-
3D shape generation and manipulation.

Only 15 peer-reviewed publications are relevant to text-
to-3D shape retrieval, text-to-3D shape generation, text-to-
sketch generation, and cross-modal design manipulation, but

Fig. 6. Demonstration of (a) Text-to-3D shape retrieval: retriev-
ing 3D shapes that best match the natural language descriptions
(NLD) from a given dataset or repository; and (b) text-to-3D shape
generation: automatically generating a 3D shape that matches the
NLD. The examples of NLD and images are obtained from ShapeNet
[49].
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we observe a recent surging interest in these topics espe-
cially text-related ones, possibly due to advances in natu-
ral language processing (e.g., Contrastive Language-Image
Pre-Training (CLIP) [52]) since our preliminary literature re-
view [24].

There are 13 studies [6, 32, 44, 53–62] that provide user
interfaces. The user interface application serves as a way
to show the effectiveness of the proposed deep learning ap-
proach, which can also better facilitate human-AI interaction
for creative designs. Especially, [44, 62] provide user inter-
faces in virtual reality (VR) and augmented reality (AR) set-
tings, respectively, which can further improve the user expe-
rience of human-computer interaction in immersive design.
Additionally, 12 studies [35, 36, 44, 53, 54, 56–61, 63] con-
ducted user studies to further validate their methods and user
applications. User studies can serve as a way to hear from
human users so that researchers can improve the proposed
methods from users’ feedback. It can also help study human-
computer interaction in a real situation.

The articles reviewed are from conference proceedings
(32) and journals (18). Most DLCMT methods come from
the domains of computer science and computer engineering
with only two papers [32, 33] from the engineering design
community.

5 Review and Discussion
In this section, we summarize our review of the papers

in each of the cross-modal task categories and discuss their
technical details, from which we draw insights into the chal-
lenges and opportunities of applying such methods in the en-
gineering design field and discuss potential solutions to the
challenges.

5.1 RQ 1-(1): What DLCMT Methods Can Be Used in
Design Search of Conceptual Design?

5.1.1 Text-to-3D Shape Retrieval
The history of text-to-3D shape retrieval methods can

be traced back to Min et al. 2004 [64], who used pure text
information (query text and description associated with 3D
shapes) for the 3D retrieval task, which is essentially a text-
text matching.

For state-of-the-art deep learning methods as we intro-
duce below, it is a common strategy to learn a cross-modal
representation for text and 3D shapes using cross-modal rep-
resentation learning techniques (see [65]) for more informa-
tion. Figure 6 (a) demonstrates the process of a text-to-3D
retrieval task. As a pioneering and representative work for
this task, Chen et al. [17] first constructed a joint embed-
ding of text and 3D shapes using an encoder composed of
a convolution neural network (CNN) and a recurrent neu-
ral network (RNN) on text data and a 3D-CNN encoder on
3D voxel shapes. A triplet loss was applied and learning-
by-association [66] was used to align the embedded repre-
sentations of text and 3D shapes. They also introduced a
3D-text cross-modal dataset including two sub-datasets: 1)
ShapeNet [49] (chairs and tables only) with a natural lan-

Fig. 7. Sketch-to-3D shape retrieval method by Wang et al. [48].
For each row, the 2D drawing is the query sketch and the 3D mod-
els are the retrieved 3D shapes from an existing dataset, Princeton
Shape Benchmark (PSB) [68]. The figure is used with permission.

guage description and 2) geometric primitives with synthetic
text descriptions. However, the computational cost caused
by the cubic complexity of 3D voxels limits this method
to the machine learning of low-resolution voxels. Conse-
quently, the learned joint representations will have low dis-
criminative ability. Han et al. [67] built a Y 2Seq2Seq net-
work architecture using a Gated Recurrent Unit (GRU, one
variation of RNN) to encode features of multiple-view im-
ages to represent the shape. To obtain the joint embedding
of text and sketches, they trained the network using both in-
termodality and intramodality reconstruction losses, in addi-
tion to the triplet loss and classification loss. Therefore, the
proposed network could learn more discriminative represen-
tations than [17].

5.1.2 Sketch-to-3D shape Retrieval
Sketch-to-3D shape retrieval has been extensively stud-

ied using non-deep learning methods [69]. These methods
usually consist of three steps: 1) automatically select multi-
ple views from a given 3D shape in the hope that one of them
is similar to the input sketch(es); 2) project the 3D shape
into 2D space from the selected viewpoints; 3) match the
sketch against the 2D projections based on predefined fea-
tures. However, the selection of best viewpoints, as well as
the design of predefined matching features, could be subjec-
tive and random, which motivates the development of deep
learning-based methods that can avoid the subjective selec-
tion of views and learn features from the data of sketches and
3D shapes [48]. In light of the scope of this review, we focus
on deep learning methods for sketch-to-3D shape retrieval.

Wang et al. [48] initialized the effort and proposed to
learn feature representations for sketch-to-3D shape retrieval
as shown in Figure 7, which avoided computing multiple
views of a 3D model. They applied two Siamese CNNs [70]
for views of 3D shapes and sketches, respectively, and a
loss function defined on the within-domain and cross-domain
similarities. To reduce the discrepancies between the sketch
features and the 3D shape features, Zhu et al. [71] built a
pyramid cross-domain neural network of sketches and 3D
shapes. They used the network to establish a many-to-one
relationship between the sketch features and a 3D shape fea-
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ture. Dai et al. [72, 73] proposed a novel deep correlated
holistic metric learning method with two distinct neural net-
works for sketch and 3D shape. Such a deep learning method
mapped features from both domains into one feature space.
In the construction of its loss function, both discriminative
loss and correlation loss was used to increase the discrim-
ination of features within each domain and the correlation
between domains. Chen et al. [74] developed a GAN-based
deep adaptation model to transform sketch features into 3D
shape features, of which correlations can be enhanced by
minimizing the mean discrepancy between modes. Xia et
al. [75] proposed a novel semantic similarity metric learn-
ing method based on a “teacher-student” strategy by using
a teacher network to guide the training of the student net-
work. The teacher network was trained to extract the seman-
tic features of the 3D shapes. The student network was then
trained by using the pre-learned 3D shape features to learn
the sketch features. Similarly, Yang et al. [76] applied a se-
quential learning strategy to learn 3D shape features with-
out 2D sketches first and then used the learned features of
3D shapes to guide the learning of sketch features. Dur-
ing the query process, they further integrated clustering al-
gorithms to categorize subclasses in a shape class to improve
retrieval accuracy. In the methods mentioned above, deep
metric learning [77] was applied to mitigate the modality dis-
crepancy between the sketch and the 3D shape.

There are also methods that study how to represent 3D
shapes more comprehensively so that 3D shapes can better
correspond to sketches. Xie et al. [78] proposed a method
to learn a Wasserstein barycenter of CNN features extracted
from 2D projections of a 3D shape. They constructed the
metric network to map sketches and the Wasserstein barycen-
ters of 3D shapes to a common deep feature space. Then
a discriminative loss was formulated to learn the deep fea-
tures. The deep features learned could then be used for the
sketch-to-3D shape retrieval. Chen et al. [79] proposed a
novel stochastic sampling method to randomly sample ren-
dering views of the sphere around a 3D shape and incorpo-
rated an attention network (see [80] for a comprehensive re-
view) to exploit the importance of different views. They also
developed a novel binary coding strategy to address the time-
efficiency issue of sketch-to-3D shape retrieval.

Another direction to reduce the large cross-modality dif-
ference between 2D sketches and 3D shapes is to deal with
noise in the sketch data. Liang et al. [81] pioneered this di-
rection by developing a method called noise-resistant sketch
feature learning with uncertainty, which achieved the new
state-of-the-art for sketch-based 3D shape retrieval. Liu et
al. [82] proposed a Guidance Cleaning Network to remove
low-quality sketches that have much noise, which is like a
data cleaning process. The authors showed superior results
over state-of-the-art methods because the learning of noisy
data was suppressed.

All the methods introduced above achieve state-of-the-
art results on commonly used sketch-to-3D retrieval datasets,
such as Princeton Shape Benchmark (PSB) [68], SHREC13
[83], and SHREC14 [84]. The multiview CNN (MVCNN)
[85] has been widely used in all these methods to gener-

ate features from projection images of 3D shapes. Differ-
ent from these methods aiming to retrieve objects by coarse
category-level retrieval of 3D shapes given an input sketch,
Qi et al. [34] introduced a novel task of fine-grained instance-
level sketch-to-3D shape retrieval, with the aim of retriev-
ing one specific 3D shape that best matches the input sketch.
They created a set of paired sketch-to-3D shape data of chairs
and lamps from ShapeNet [49]. Then, they built a deep joint
embedding learning-based model with a novel cross-modal
view attention module to learn the features of sketches and
3D shapes. As the first effort to find local image correspon-
dences between design sketches, Navarro et al. [86] proposed
a synthetic line drawing dataset rendered from 3D shapes
from ShapeNet [49]. The authors obtained a learned de-
scriptor, namely SketchZoom descriptor, for dense registra-
tion in line drawings and showed its promising application
in sketch-3D shape retrieval by identifying local correspon-
dences between sketches.

There is also interest in using CAD data in 3D shape
retrieval. Qin et al. [32] developed a sketch-to-3D CAD
shape retrieval approach using the variational autoencoder
(VAE) and structural semantics. They created their training
dataset by collecting 3D CAD models from local compa-
nies and obtained their six-view projections as sketch data.
Manda et al. [87] developed a new sketch-3D CAD model
dataset, CADSketchNet, from the Engineering Shape Bench-
mark (ESB) [88] and Mechanical Components Benchmark
(MCB) [89] datasets. The authors also analyzed various deep
learning-based sketch-to-3D retrieval approaches using the
proposed dataset and reported the comparison results.

Efforts have also been made to bridge the semantic
gap between sketches and 3D shapes to improve sketch-
based 3D shape retrieval. Ye et al. [90] presented a CNN-
based 3D sketch-based shape retrieval (CNN-SBR) archi-
tecture based on 3D sketch (Type II) data obtained from
SketchANet [91]. Using data augmentation to prevent over-
fitting, they achieved a significant improvement compared to
other learning-based methods. Building on previous work
[90, 92], Li et al. [55] proposed a novel interactive applica-
tion supported by CNN-SBR. The method used Microsoft
Kinect, which can track the 3D locations of 20 joints of a
human body, to track the 3D locations of a user’s hand to
create a 3D sketch. The proposed method was tested on a
proposed dataset and achieved state-of-the-art performance
in 3D sketch-based 3D shape retrieval.

The idea of utilizing a 3D sketch (Type II) as query in-
put has been further applied to virtual reality (VR) and aug-
mented reality (AR) settings to facilitate the immersive de-
sign. Building on the method proposed in [93], Giunchi et
al. [44] designed a multimodal interface for 3D model re-
trieval in VR with both sketch and voice input. The au-
thors implemented a consistent translation method between
queries of 3D sketch and voice, allowing their integration
during a single search session. Similarly, ShapeFindAR [62]
combined both 3D sketch and textual input to enable in-situ
spatial search of a 3D model repository in an AR setting. The
server was built using a REST (representation state transfer)
application programming interface provided by Flask, a web
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framework for the Python programming language.

5.2 RQ 1-(2): What DLCMT Methods Can Be Used in
Design Creation of Conceptual Design?

5.2.1 Text-to-3D Shape Generation
The task of text-to-3D shape generation is illustrated by

Figure 6 (b). To accomplish this task, Jahan et al. [94] pro-
posed a semantic label-guided shape generation approach,
which can take one-hot semantic keywords as input and gen-
erate 3D voxel shapes without color and texture. The pro-
posed method was trained using chairs, tables, and lamps
obtained from the Co-Segmentation (COSEG) dataset [95]
and ModelNet [96]. Based on their work on text-to-3D shape
retrieval task using a joint embedding of text and 3D shape,
Chen et al. [17] further combined the joint embedding model
with a conditional Wasserstein GAN (WGAN) framework
[97], which enables the generation of colored voxel shapes
in low resolution. To improve the surface quality of the gen-
erated 3D shapes, several studies have been conducted using
the proposed 3D-text cross-modal dataset by Chen et al. [17].
Li et al. [98] proposed to use class labels to guide the genera-
tion of 3D voxel shapes with the assumption that shapes with
different labels (e.g., chairs and tables) have different charac-
teristics. They added an independent classifier to the WGAN
framework [97] to guide the training process. The classifier
could be trained together with the generator to enable more
distinctive class features in the generated 3D shapes. To fur-
ther improve the quality of 3D shapes generated with color
and shape, Liu et al. [50] leveraged implicit occupancy [99]
as the 3D representation and proposed a word-level spatial
transformer [100] to correlate shape features with semantic
features of text by decoupling shape and color predictions for
learning features in both texts and shapes.

The methods introduced above only support the genera-
tion of 3D shapes in individual categories (e.g., the chair cat-
egory or the table category). The generalizability (the ability
to generalization) of these methods remains challenging due
to the unavailability and limited size of the paired data of 3D
shapes and text descriptions. To improve generalizability,
some researchers have tried to utilize some pre-trained mod-
els (e.g., Contrastive Language-Image Pre-Training (CLIP)
[52]) and zero-shot learning techniques [101]. Sanghi et al.
[43] proposed a method called CLIP-forge, which could gen-
erate 3D voxel shapes from text descriptions for ShapeNet
[49] objects. It required training data (i.e., rendered im-
ages, voxel shapes, query points, and occupancy) obtained
from 3D shapes without text labels. They first learned an
encoding vector of a 3D geometry and then a normalizing
flow model [102] of that encoding vector conditioned on a
CLIP [52] feature embedding.

CLIP-Forge has good generalizability to ShapeNet [49]
categories. To further improve the generalizability to classes
outside common 3D shape datasets (e.g., ShapeNet [49] and
ModelNet [96]), Jain et al. [103] combined Neural Radiance
Field (NeRF) [104] with an image-text loss from CLIP [52]
to form Dream Fields. A Dream Field is a neural 3D rep-
resentation that can return a rendered 2D image given the

desired viewpoint. After training, the method could generate
colored 3D neural geometry from text prompts without using
3D shape data, resulting in better generalizability.

5.2.2 Text-to-Sketch Generation
Sketches can inspire design ideas [12–14], and text-to-

sketch tools could help designers efficiently capture fleeting
design inspirations. The generation of images from text de-
scriptions (i.e., text-to-image synthesis/generation) has seen
great progress recently [105]. Unlike text-to-image gener-
ation, text-to-sketch synthesis is more challenging and can
only rely on rigid edge/stroke information without color fea-
tures (i.e., pixel values) in an image [63].

Text2Sketch [106] applied a Stagewise-GAN (i.e., gen-
erative adversarial network) to encode human face attributes
identified from text descriptions and transforms those at-
tributes into sketches, which were trained on a manually an-
notated dataset of text-face sketches. Although the method
was applied in face recognition instead of product design,
it is worth being introduced here because the method is in-
spiring and could be applied to the design domain if a dif-
ferent dataset is used. Yuan et al. [63] constructed a bird
sketch dataset by modifying the Caltech-UCSD Birds (CUB)
dataset [107], based on which they trained a novel GAN-
based model, called T2SGAN. The model featured a Condi-
tional Layer-Instance Normalization module that could fuse
the image features and sentence vectors, thus efficiently
guiding the generation of sketches.

The methods mentioned above were developed for
single-object sketch synthesis, and there are also methods for
multi-object generation, which could be useful for generat-
ing designs part by part. An example of such methods is
shown in Figure 8. Huang et al. [53] developed Sketchforme
by adopting a two-step neural network: 1) a transformer-
based mixture density network for the scene composer to
generate high-level layouts of sketches, and 2) a sketch-
RNN [16] based object sketcher to generate individual ob-
ject sketches. The scene composer and the object sketcher
were trained using the Visual Genome dataset [108] and the
“Quick, Draw!” dataset [109], respectively. Since different
datasets of text and sketches can be used, this method helped
avoid the requirement for paired data of text description and
sketches of an object. Based on [53], Huang et al. [54] took
a further step and proposed an interactive sketch generation
system called Scones. It used a Composition Proposer to
propose a scene-level composition layout of objects and an

Fig. 8. Demonstration of text-to-sketch generation, which can
generate sketches that correspond to users’ natural language de-
scriptions (NLD).
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Object Generator to generate individual object sketches.

5.2.3 Sketch-to-3D Shape Generation
There are mainly two paradigms for 3D shape recon-

struction from 2D sketches: the geometric-based method and
the learning-based method. Sketch-based interfaces for mod-
eling are a major branch of geometric-based methods [110]
and we do not review this line of work in light of the scope
of review. We also excluded some methods that apply deep
learning techniques, but require predefined geometric mod-
els to guide 3D reconstruction, such as the methods presented
in [58, 111]. We focus on reviewing deep learning-based
methods without using predefined geometric models that re-
quire the design of rules.

Deep learning-based sketch-to-3D shape generation
without any predefined geometric models was initialized
by Lun et al. [35]. They proposed an encoder-multiview-
decoder architecture that can extract multiview depth and
normal maps from a single sketch or multiple sketches and
output a 3D shape in point clouds. The resulting 3D point
cloud shape can be converted to a 3D mesh shape for bet-
ter visualization. 2.5D visual surface geometry (e.g., depth
and normal maps) is a representation that can make a 2D im-
age appear to have 3D qualities [112,113]. Similarly to [35],
many works use the strategy of predicting 2.5D information
first to guide the generation of 3D shapes. Nozawa et al. [19]
extracted depth and mask information from a single input
sketch by an encoder-decoder network. Then, a lazy learn-
ing [114] method was performed to find similar samples in
the dataset to synthesize a 3D shape represented by point
clouds. Later, Nozawa et al. [20] extended [19] by changing
the architecture with a combination of GAN and lazy learn-
ing.

To improve the surface quality of the shapes resulting
from their previous work [57], Delanoy et al. [115] proposed
to first predict one normal map per input 3D sketch (Type
I). Then they fused all normal maps predicted from multi-
view sketches to the predicted 3D voxel shape to optimize
the resulting surface mesh. Li et al. [56] introduced an in-
termediate CNN layer to model the direction of dense cur-
vature and used an additional output confidence map along
with the depth and normal maps extracted using CNNs to
generate high-quality 3D mesh shapes. They also provided
a user-interaction system for 3D shape design. Similar to
the idea of obtaining an intermediate 2.5D representation,
Yang et al. [116] proposed a skeleton-aware modeling net-
work to generate 3D human body models using skeletons as
the intermediate representation. The network can first inter-
pret sparse joints from input sketches and then predict the
Skinned Multi-Person Linear model [117] parameters based
on joint-wise features. Although this work focuses on the
generation of human bodies, the proposed network can in-
spire design researchers to consider predicting important fea-
ture points to guide the generation of 3D shapes. Li et al. [33]
proposed a predictive and generative target-embedding vari-
ational autoencoder and demonstrated its effectiveness by
solving a sketch-to-3D shape generation problem. The au-

thors used a 3D extrusion shape obtained by extruding a 2D
silhouette sketch as an intermediate representation, which
transferred the problem to a 3D-3D prediction problem. The
approach can predict a high-quality 3D mesh shape from a
silhouette sketch without inner contour lines, as shown in
Figure 9. In addition to the prediction function, the proposed
approach can also generate numerous novel 3D mesh shapes
using its generative function.

The efforts of providing an easy-to-use sketching sys-
tem can be beneficial to novice users for customized design.
Delanoy et al. [57] proposed an interactive sketch-to-3D gen-
erations system. They used a CNN to transform 3D sketches
(Type I) to 3D voxel shapes, and another CNN as an up-
dater to update the predicted 3D shape while users are pro-
viding more sketches. The voxel shapes can then be trans-
ferred to 3D mesh shapes. However, the output 3D shapes
are low-quality due to the high memory consumption of the
voxel representation. To improve the surface quality of the
resulting 3D shapes, mesh and implicit field have been ap-
plied by some interaction systems. For example, Han et
al. [58] proposed a novel sketching system to generate 3D
mesh human faces and caricatures using a CNN-based deep
regression network. The method was trained on a newly pro-
posed dataset extended from FaceWarehouse [118]. Du et
al. [59] designed a novel sketching system composed of a
part generator and an automatic assembler to generate part-
aware man-made objects with complex structures. They used
implicit occupancy [99] as the 3D representation which can
be transferred to a 3D mesh shape with detailed geometry.
Similarly, Wang et al. [119] introduced a novel sketch-to-3D
shape method that can segment a given sketch and build a
transformation template that is then used to generate mul-
tifarious sketches. These sketches are then taken as input
to an encoder-multiview-decoder network similar to [35] to
generate a 3D point cloud shape. Luo et al. [60] proposed a
coarse-to-fine-grained 3D mesh modeling system using 3D
sketches as input for animalmorphic head design. A coarse
mesh can be first generated by the input 3D sketch. Then,
a novel pixel-aligned implicit learning approach is used to
guide the deformation of the coarse mesh to produce a more
detailed mesh. Guillard et al. [6] introduced an interactive
system to reconstruct and edit 3D shapes using implicit field
representation, DeepSDF [120] format, from 2D sketches us-
ing an encoder-decoder architecture, which can output mesh
shapes.

The aforementioned methods are usually trained using
one individual category of objects and can only deal with 3D
shape generation from sketches within that specific category.
To improve the generalizability of the method, Jin et al. [51]
proposed a novel network consisting of a VAE (i.e., varia-
tional autoencoder) and a volumetric autoencoder to learn
the joint embedding of sketches and 3D shapes using various
classes of objects. The trained network has good generaliz-
ability and can be used to predict 3D voxel shapes based on
2D occluding contours. Zhang et al. [121] are the first to gen-
erate a 3D mesh shape from a single free-hand sketch. They
proposed a view-aware network based on GAN to explicitly
condition the process of generating 3D mesh shapes on view-
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Fig. 9. Sketch-to-3D shape generation method by Li et al. [33]. The first row shows the input 2D silhouette sketches, and the corre-
sponding predicted 3D mesh shapes are shown in the second row.

points. The method can improve generation quality and bring
controllability to output shapes by explicitly adjusting view-
points, which can be well generalized to out-of-distribution
data.

The methods introduced above have to be trained us-
ing supervised learning, which means that the training data
must be pairs of sketches and 3D shapes (i.e., labeled data).
Wang et al. [122] proposed an unsupervised learning method
for sketch-to-3D shape reconstruction. They embedded un-
paired sketches and rendered images from 3D shapes to a
common latent space by training an adaption network via
autoencoder with adversarial loss. During the inference of
3D shapes from sketches, they retrieved several nearest-
neighboring 3D shapes from the training dataset as prior
knowledge for a 3D GAN to generate new 3D shapes that
best match the input sketch. This method can only output
very coarse 3D voxel shapes but provides an interesting idea
based on unsupervised learning for sketch-to-3D shape gen-
eration.

In addition to the usage of popular 3D shape representa-
tions (e.g., point clouds, voxels, meshes, and implicit repre-
sentation) in sketch-to-3D shape generation, new 3D repre-
sentations are gaining more and more attention in this field.
For example, Smirnov et al. [5, 123] proposed a novel de-
formable parametric template composed of Coon patches
that can naturally fit into a conventional CAD modeling
pipeline. The resulting 3D shapes can be easily converted
to NURBS representation, allowing edits in CAD software.

Fig. 10. Text-to-3D shape manipulation method, Text2Mesh by
Michel et al. [36]. The method can manipulate an existing mesh
shape by adding color, texture, and geometric details driven by a
target natural language description. The figure is used with permis-
sion.

5.3 RQ 1-(3): What DLCMT Methods Can Be Used in
Design Integration of Conceptual Design?

In this section, we introduce some works relevant to
text-to-3D shape and sketch-to-3D shape integration meth-
ods. These methods allow designers to further edit and ma-
nipulate 3D designs by changing text prompts or sketches.

The sketch-to-3D shape generation method introduced
by Jin et al. [51] could be further used to manipulate a given
3D voxel shape to target input sketches with the learned joint
embedding space. However, it focuses on manipulating the
outline of a given 3D shape. To enable manipulation of
color and shape, CLIP-NeRF [61] was proposed based on
CLIP [52], which has a disentangled conditional NeRF [104]
architecture by introducing a shape code to deform the 3D
volumetric field and an appearance code to control the col-
ors. The method can edit a given colored 3D voxel shape to
meet the target semantic description of color and shape. The
text-to-3D generation method [50] can also allow intuitive
manipulation of the color and shape of a generated 3D mesh
shape simply by changing the input semantic keywords of
color or shape.

To enable detailed edits or manipulation of geometries,
in some works a differentiable renderer has been applied.
Sketch2Mesh [6] introduced in Section 5.2.3 can also per-
form shape editing due to the integrated differentiable ren-
derer. Using the representation power of CLIP [52], Michel
et al. [36] proposed Text2Mesh (see Figure 10) to manipulate
a given 3D mesh shape by predicting color and local geomet-
ric details that conform to the description of the target text.

There have been a series of DLCMT methods that can
be applied to product shape design in different design steps
of conceptual design. As a summary of the review, DLCMT
methods indeed provide opportunities to address the two ma-
jor challenges as discussed in Section 2 because they can (1)
take various design modalities as input and provide methods
catering to Design Search, Design Creation, and Design Inte-
gration, and (2) improve design creativity by actively involv-
ing human input [53, 54, 59, 60]. Taking advantage of these
opportunities and implementing the appropriate DLCMT
methods in conceptual design can therefore accelerate the
search and iteration of design concepts (e.g. [17,44,48]) and
the modification of designs (e.g., [36, 43, 51, 58]). We also
observe that DLCMT methods could be particularly useful in
design applications, such as design democratization, design
education, and immersive design (e.g., [17, 44, 48, 62, 90]).
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5.4 RQ 2: What are the Challenges in Applying DL-
CMT to Conceptual Design and How Can They be
Addressed?

Examination of the literature has helped us identify sev-
eral challenges in applying DLCMT methods to concep-
tual design. DLCMT has been focusing on shape synthesis,
which can be applied in product shape design, as discussed
above. However, Regenwetter et al. [3] state that 3D syn-
thesis work is only tangential to engineering design because
they focus more on visual appearance, rather than functional
performance or manufacturability. Although we partially
agree with [3] that the overlap between shape synthesis and
engineering design is insignificant in light of the importance
of shape design, we must admit that product shape is not the
only focus in conceptual design. Other factors, such as engi-
neering performance, system design features, and manufac-
turability, should also be considered and can be incorporated
into the data-driven design cycle even in the early stages of
the design.

In this section, we discuss in detail the challenges of ap-
plying DLCMT methods to engineering design from four as-
pects, including the lack of cross-modal datasets that incor-
porate engineering performance and manufacturability, com-
plex systems design using DLCMT, 3D representations in
DLCMT, and the generalizability of DLCMT methods.

5.4.1 The Lack of Cross-Modal Datasets that Incorpo-
rate Engineering Performance and Manufactura-
bility

Data is the fuel for deep learning-based design methods.
Data sparsity is a challenging issue for data-driven design
methods, and there is generally a deficiency of big practi-
cal data [3], regardless of the data modality, to train useful
and meaningful models for engineered products. Unlike the
computer science community, where numerous open source
unimodal or cross-modal datasets, such as [17, 49, 83, 96],
are available to researchers to compare their methods with
state-of-the-art methods. For example, 16 articles (e.g.,
[6, 17, 34, 86, 121]) use ShapeNet [49] as the training data of
their methods. There is a lack of similar benchmark datasets
in the engineering design field. Even if those datasets from
computer science can also be beneficial to the engineering
design community, they mainly focus on the shape of ob-
jects and have little emphasis on downstream engineering-
related information. Using text-to-3D shape methods as an
example, a user could say “I want an SUV with low fuel con-
sumption”. An SUV car shape could be easily generated, but
we would not know whether the drag coefficients of the gen-
erated designs meet the requirement or not. We might ask
the following question: How could a computer understand
that NL description and translate it into a primitive SUV car
shape taking into account the drag performance? Therefore,
finding answers to this question could be an interesting re-
search direction.

Similarly, it is also worth exploring how other down-
stream engineering requirements and constraints (e.g., man-
ufacturability) can be counted when applying DLCMT to en-

gineering design. We have not found any DLCMT methods
that take into account engineering performance and manu-
facturability. One challenge here is the lack of such datasets.
The difficulties primarily rest in the cost (either monetary
or time) of running high-fidelity computational or physical
experiments. Moreover, certain experimental data could be
confidential for commercial or military purposes. The avail-
ability of large cross-modal datasets with engineering perfor-
mance and manufacturability information could greatly ease
the verification and validation of existing methods for DL-
CMT and promote the development of new DLCMT meth-
ods for the design of engineered products.

5.4.2 Complex Systems Design Using DLCMT
A few DLCMT studies ( [53, 54, 59]) aim to generate

designs part by part considering the structural relationship
among components, which can be potentially applied to the
design of systems. But this leaves a large space for engineer-
ing design researchers to investigate in the future. The chal-
lenges of addressing systems design using DLCMT mainly
stem from the structural complexity of an engineered prod-
uct, such as dependencies, constraints, and the relationship
between components.

An engineered product is usually a system consisting of
interconnected parts with complex dependencies. To take
into account parts’ dependency information, there are gen-
erally two ways to support the conceptual design of a prod-
uct at the system level when applying DLCMT methods. In
the first method, each component of the product is gener-
ated separately using DLCMT, and then the components are
assembled either automatically using rules-based computer
algorithms or manually [53, 54]. The second method is of-
ten referred to as part-aware generative design [30,124,125].
The objective of using DLCMT methods for part-aware de-
sign is to learn the structural relationships and dependencies
between parts directly from the training data so that parts
generation and assembly can be automatically completed.

Compared to the first method, the second method can
save time and the cost of additional assembly steps. Those
steps are often non-trivial, especially when one wants to
computerize the assembly process in CAD software. In ad-
dition, part-aware generative design methods better capture
the geometric details of 3D shapes [124, 125]. For exam-
ple, in the transition regions between two components (e.g.,
the connection regions between the side rear mirrors and
the car body). These geometric details may significantly in-
fluence the engineering performance (for example, aerody-
namic drag) of a design.

As mentioned above, there are a few studies, i.e., text-
to-sketch generation [53, 54] and sketch-to-3D [59] meth-
ods for DLCMT attempting to integrate the concept of part-
aware design, but most methods treat the design object as a
single monolithic part without a systems design perspective.
Considering engineering applications, treating a design as a
whole piece could limit the transition of the generated design
shapes to later design stages, since components are usually
manufactured separately. Attention has been paid to by the

13 Copyright © by ASME



engineering design community [30, 126] for part-aware de-
sign. However, how to enable part-aware design in DLCMT
remains underexplored and is an important research direc-
tion.

5.4.3 3D Representations in DLCMT
Designs can be factored using different representations

for storage, computation, and presentation. For example, 3D
representation matters both visual quality and computational
cost when implementing DLCMT, and the choice between
them is often a difficult decision. Furthermore, in engineer-
ing design applications, the choice of 3D representation also
influences the compatibility with downstream engineering
analysis in CAD and CAE software. In what follows, we
share our insight into the challenges associated with 3D rep-
resentation in both aspects.

3D shapes with high visual quality and rich geometric
details can help designers better understand a design con-
cept. Voxels, point clouds, and meshes are the most com-
monly used representations for 3D geometry. Similar to
the pixels of images, voxel grids are naturally adapted to
the convolutional neural network (CNN) model, which is
the major reason for its prevalence in 3D geometry learn-
ing research. The majority of the DLCMT methods (e.g.,
[17, 43, 57, 67, 97, 98, 122]) uses voxels for 3D shape repre-
sentation. Voxel shapes are usually needed to be converted
to mesh shapes for better visualization. However, the trans-
formed mesh shapes will look coarse if the resolution of the
voxel shapes is low. This could negatively influence the sub-
jective evaluation of the shape of a design concept, and the
design concept might be overlooked by designers. An intu-
itive way to improve the resolution of the resulting 3D voxel
shapes is to use high-resolution training data, but this may
not be feasible due to the limited computing resources for
training the neural network. Fukamizu et al. [18] provided
a two-stage strategy to synthesize high-resolution 3D voxel
shapes from natural language, which could be an inspiring
method for dealing with low-resolution issues. Point clouds
[19, 20, 35, 127] are more efficient in representing 3D ob-
jects, but do not cover geometric details. For example, it does
not encode the relationship between points and the resulting
topology of an object, leading to a challenging conversion to
meshes. Using meshes [56, 58, 121, 128] for 3D representa-
tion could generally alleviate the low visual quality and data
storage problems, but, in the meantime, it is challenging to
prepare meshes for deep learning methods due to their dis-
crete face structures and unordered elements. Furthermore,
the topology of 3D shapes cannot be easily handled using
meshes. Implicit representation of 3D shapes [6, 59, 60, 120]
represents the surface of a shape by a continuous volumet-
ric field that encodes the boundary of the shape as the set at
the zero level of the learned implicit 3D shape function. It
can better address different topologies of 3D shapes and re-
quires less data storage, which is a promising representation
for high-resolution 3D shapes. See Table 2 for the pros and
cons of applying those four representations to deep learning
methods.

In addition to the above four representations, there are a
few new 3D representations that are promising for handling
the trade-off between the effectiveness of training neural net-
works and the quality of the resulting 3D shapes. Neural Ra-
diance Field (NeRF) [61,103,104] is a method for generating
novel views of scenes or objects. It can take a set of input im-
ages of an object and render the complete object by interpo-
lating between the images. NeRF [104] is also topology-free
and can be sampled at high spatial resolutions. However, 3D
shapes represented by NeRF are “hidden in the black box”
and we can only observe them through images rendered from
different viewpoints. All the 3D representations mentioned
above (i.e., voxels, point clouds, meshes, NeRF, and implicit
representation) are generally not adapted to CAD software.
This often brings about compatibility issues that could im-
pede downstream editing and engineering analyses of the
generated 3D shapes. To solve these problems, there are typ-
ically two ways. One way is to convert them to CAD models
(e.g., converting STL/OBJ meshes to B-Rep solids). Another
way is to handle the CAD shape data directly in deep learn-
ing models. Deep learning of unimodal CAD data is still
an underexplored field, although some methods [129–133]
and CAD datasets [134–137] have recently been introduced.
DLCMT directly using CAD data [5] can be even more chal-
lenging due to the domain gap between design modalities
and turns out to be a promising research direction.

Choosing the most appropriate 3D representation com-
patible with the adopted deep learning technique remains a
challenging task. It involves considerations of data availabil-
ity, data preprocessing, computational cost, visual quality of
the resulting 3D shapes, data postprocessing, and the ability
to adapt to later design stages.

5.4.4 Generalizability of DLCMT Methods
Finally, we noticed that efforts have been made to make

the DLCMT methods more generalizable, independent of the
variation between design objects (e.g., [36, 51]). There are
advantages and disadvantages to generalizing the methods.
On the one hand, the diversity in different methods helps ad-
dress the unique nature of different design problems, so a
generalized approach may not be optimal for solving a spe-
cific design problem. On the other hand, generalizability al-
lows a method to apply to a wider range of design problems.
We focus on discussing the advantages here since we ob-
serve trending efforts (e.g., [43, 103]) aiming to improve the
generalizability of DLCMT methods in the review. It is chal-
lenging for deep learning methods to be generalized across
multiple design problems [3]. The generalizability of a deep
learning method means its ability to generalize to classes of
objects beyond those used for training data. For engineering
design applications, due to the sparsity of training data and
the special treatment designed in the neural network archi-
tecture for a specific problem, a deep learning-based design
method is difficult to generalize even in the cases where one
design modality (e.g., 2D sketches or 3D shapes) is involved,
let alone the generalization issues of applying DLCMT meth-
ods that involve multiple different modalities.
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Table 2. Comparison of pros and cons of the three representations to deep learning methods

Some methods [43, 103] utilize transfer learning tech-
niques (e.g., zero-shot learning) and pre-trained models (e.g.,
CLIP [52]) or specially designed neural network architec-
tures (e.g., unsupervised learning methods [119]) to improve
generalizability, which could be good starting points for
the engineering design community to further explore other
possibilities. The challenge of generalizing the methods
for DLCMT couples with other challenges and requires a
community-wide effort to share datasets, create data reposi-
tories, define benchmark problems, and develop testing stan-
dards.

In summary, we have discussed the opportunities and
challenges associated with applying DLCMT methods to
conceptual design and proposed potential solutions to over-
come the challenges with the insight gained from this liter-
ature review effort. The insights generated can potentially
point to promising research directions for future studies.

6 Research Questions for Future Design Research
We notice that the opportunities and challenges iden-

tified previously are highly related to several trending top-
ics in the engineering design community. In this section,
we propose six research questions (RQs) that relate DL-
CMT to these trending topics: RQ (1) → design represen-
tations [138]; RQ (2) → generalizability and transferabil-
ity of deep learning-based design methods [22]; RQ (3) →
decision-making in AI-enabled design process [139]; RQ (4)
and (5) → human-AI collaboration [23]; RQ (6) → design
creativity in deep learning-based design process [37]. These
RQs also point to potential research directions (see Section 7
for detail) where DLCMT can lead to. We hope these RQs
can arouse a wide range of discussion and call for more ef-
forts within the engineering design community to develop
and apply DLCMT methods to address the challenges asso-

ciated with conceptual design and beyond.

(1) What are the guidelines for selecting the most appropri-
ate design representations in DLCMT?

(2) How much can the generalizability and transferability
of the latent representation of multimodal data learned
from DLCMT be extended across different product
shape categories?

(3) Since DLCMT methods can shorten the cycle of gen-
erating designs and even connect to the downstream
engineering analyses and manufacturing requirements,
how could the information coming from the later design
stages influence the regeneration of design concepts, and
thereby a designer’s decisions?

(4) DLCMT methods have the potential to facilitate the
data-driven design process with humans in the loop, but
how can we balance the involvement of humans and
computers, and facilitate effective bidirectional human-
AI communications to better stimulate designers’ cre-
ativity at the human-AI interface?

(5) With the establishment of the human-AI interaction in
the conceptual design based on DLCMT, what could the
co-evolution between humans and AI look like?

(6) Although design creativity can be augmented by bring-
ing humans in the loop when using DLCMT methods
for product shapes generation, these methods could suf-
fer from the limitation of data interpolation inherently
rooted in data-driven design methods. Fundamental
questions, such as what new mechanisms and neural net-
work architectures can be built to enable the algorithm
to extrapolate beyond the training data, thus more effec-
tively augmenting designers’ creativity, shall be further
explored in the future.
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7 Closing Remarks
In this paper, we conducted a systematic review of the

methods for deep learning of cross-modal tasks (DLCMT),
including text-to-sketch, text-to-3D shape, and sketch-to-3D
shape retrieval and generation methods, for the conceptual
design of product shapes. Those methods could be applied in
the Design Search, Design Creation, and Design Integration
steps of conceptual design. Unlike other deep learning meth-
ods applied in engineering design, DLCMT allows human
input of texts and sketches, which can explicitly reflect de-
signers’ and/or users’ preferences. As designers can be more
actively involved in such a design process, human-computer
interaction and collaboration are promoted, thereby it has
a great potential to improve the conceptual design of prod-
ucts using a data-driven design process with humans in the
loop compared to traditional design automation methods and
computer-aided design methods. DLCMT could also facili-
tate the engineering design education and democratization of
product development by allowing intuitive inputs (e.g., text
descriptions and sketches), and an immersive design envi-
ronment by integrating VR, AR, and MR techniques.

With the attempt to apply new 3D data representations
in DLCMT and the availability of more public datasets, op-
portunities open up for the development of new methods for
DLCMT. However, the deficiency of training datasets, trade-
off in the choice of representations of 3D shapes, lack of
consideration of engineering performance, manufacturabil-
ity, and part-aware design, and the ability of generalization
still challenge the engineering design community to apply
DLCMT to engineered product design. We would like to
encourage attention and efforts from the engineering design
community.

There are a few limitations in the current literature re-
view that the authors would like to acknowledge and share.
First, the set of keywords used to search the literature has
covered all topics in our scope of the review. However, other
topics, such as shape-to-text generation (namely, shape cap-
tioning in the literature), could also be of interest to the engi-
neering design community. Second, for the topics of sketch-
to-3D shape retrieval and generation, we did not include all
relevant articles, although we have covered the most influen-
tial and the most recent publications.

In the future, we will continue the review and conduct a
more comprehensive analysis of the relevant works on DL-
CMT. Besides the review effort, we see the merit of conduct-
ing a comparative study to further understand the effects of
DLCMT on the conceptual design by enabling and disabling
the DLCMT-based assistance in the design process. We be-
lieve that the methods reviewed, the discussion of opportu-
nities, challenges, potential solutions, and future research di-
rections of applying DLCMT to conceptual product shape
design can benefit the data-driven design research in the en-
gineering design community. We hope this review effort can
also facilitate the discussion and attract more attention from
the engineering design community and industry stakeholders
when applying DLCMT to improve the conceptual design of
product shapes and beyond.
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[153] Kar, A., Häne, C., and Malik, J., 2017. “Learning a
multi-view stereo machine”. Advances in neural in-
formation processing systems, 30.

[154] Sangkloy, P., Burnell, N., Ham, C., and Hays, J.,

2016. “The sketchy database: learning to retrieve
badly drawn bunnies”. ACM Transactions on Graph-
ics (TOG), 35(4), pp. 1–12.

[155] Eitz, M., Hays, J., and Alexa, M., 2012. “How do hu-
mans sketch objects?”. ACM Transactions on graph-
ics (TOG), 31(4), pp. 1–10.

[156] Mahmood, N., Ghorbani, N., Troje, N. F., Pons-Moll,
G., and Black, M. J., 2019. “Amass: Archive of mo-
tion capture as surface shapes”. In Proceedings of the
IEEE/CVF international conference on computer vi-
sion, pp. 5442–5451.

[157] Chen, X., Golovinskiy, A., and Funkhouser, T., 2009.
“A benchmark for 3d mesh segmentation”. Acm trans-
actions on graphics (tog), 28(3), pp. 1–12.

[158] Park, K., Rematas, K., Farhadi, A., and Seitz,
S. M., 2018. “Photoshape: Photorealistic materi-
als for large-scale shape collections”. arXiv preprint
arXiv:1809.09761.

[159] Dosovitskiy, A., Ros, G., Codevilla, F., Lopez, A.,
and Koltun, V., 2017. “Carla: An open urban driving
simulator”. In Conference on robot learning, PMLR,
pp. 1–16.

[160] Zhou, Q., and Jacobson, A., 2016. “Thingi10k: A
dataset of 10,000 3d-printing models”. arXiv preprint
arXiv:1605.04797.

22 Copyright © by ASME



Appendix A: Details of Literature Search
As introduced in Section 3.2, Table 3 shows the num-

ber of articles found in major literature databases. In addi-
tion, we used the time range of January 2021 to June 2022
to search for the most recent studies for sketch-to-3D shape
retrieval and generation, the number of which is indicated in
parentheses (e.g., (35) for ShRecSk).

Figure 11 shows the articles that are most relevant to the
two key articles ( [35,48]) using Connected Papers (accessed
in June 2022). Studies that meet the scope of our review are
indicated using a quadrilateral in each sub-figure.
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Fig. 11. (a) Studies for sketch-to-3D retrieval that are similar to [48];
(b) Studies for sketch-to-3D generation that are similar to [35]
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Appendix B: Paper Summary
We summarize and tabulate all 50 articles reviewed in

Table 3. There are 11 source journals and 20 conference pro-
ceedings, and their acronyms are shown below.

Nomenclature

CG Computers & Graphics
MS Multimedia Systems
VC The Visual Computer
CGF Computer Graphics Forum
AEI Advanced Engineering Informatics
TIP IEEE Transactions on Image Processing
MTA Multimedia Tools and Applications
TOG ACM Transactions on Graphics
JMD Journal of Mechanical Design
WCMC Wireless Communications and Mobile

Computing
PACMCGIT The Proceedings of the ACM in Computer

Graphics and Interactive Techniques
MM International Conference on Multimedia
IUI International Conference on Intelligent

User Interfaces
CHI Conference on Human Factors in Comput-

ing Systems
I3D Symposium on Interactive 3D Graphics

and Games
MMM International Conference on Multimedia

Modeling
IMX ACM International Conference on Interac-

tive Media Experiences
CVPR Computer Vision and Pattern Recognition

Conference
ICCV International Conference on Computer Vi-

sion
ECCV European Conference on Computer Vision
ACCV Asian Conference on Computer Vision
AAAI Association for the Advancement of Arti-

ficial Intelligence Conference on Artificial
Intelligence

ICIP IEEE International Conference on Image
Processing

UIST Annual ACM Symposium on User Inter-
face Software and Technology

ICCS International Conference on Computa-
tional Science

ICPR International Conference on Pattern
Recognition

ICLR International Conference on Learning Rep-
resentations

ICVRV International Conference on Virtual Real-
ity and Visualization

3DIMPVT International Conference on 3D Imaging
Modeling, Processing, Visualization and
Transmission

VISIGRAPP International Joint Conference on Com-
puter Vision Imaging and Computer
Graphics Theory and Applications

ICCEIA-VR International Conference on Computer En-
gineering and Innovative Application of
VR
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Figure Caption List

Fig. 1 Iterative conceptual design stage in the development of
engineered products

Fig. 2 Deep learning-based design process with humans in the
loop

Fig. 3 Cross-modal tasks in conceptual design
Fig. 4 Potential design applications enabled by DLCMT: (a)

Democratization of product design; (b) AI-based ped-
agogical tools for educating and training students or
novice designers; (c) Immersive design environment

Fig. 5 Literature search process
Fig. 6 Demonstration of (a) text-to-3D shape retrieval: retriev-

ing 3D shapes that best match the natural language de-
scriptions (NLD) from a given dataset or repository; and
(b) text-to-3D shape generation: automatically generat-
ing a 3D shape that matches the NLD. The examples of
NLD and images are obtained from ShapeNet [49].

Fig. 7 Sketch-to-3D shape retrieval method by Wang et al.
[48]. For each row, the 2D drawing is the query sketch
and the 3D models are the retrieved 3D shapes from
an existing dataset, Princeton Shape Benchmark (PSB)
[68]. The figure is used with permission.

Fig. 8 Demonstration of text-to-sketch generation, which can
generate sketches that correspond to users’ natural lan-
guage descriptions (NLD).

Fig. 9 Sketch-to-3D shape generation method by Li et al. [33].
The first row shows the input 2D silhouette sketches, and
the corresponding predicted 3D mesh shapes are shown
in the second row.

Fig. 10 Text-to-3D shape manipulation method, Text2Mesh by
Michel et al. [36]. The method can manipulate an exist-
ing mesh shape by adding color, texture, and geometric
details driven by a target natural language description.
The figure is used with permission.

Fig. 11 (a) Studies for sketch-to-3D retrieval that are similar
to [48]; (b) Studies for sketch-to-3D generation that are
similar to [35]
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Table Caption List

Table 1 The text types of natural language data used in DLCMT
and the examples

Table 2 Comparison of pros and cons of the three representa-
tions to deep learning methods

Table 3 Studies found in major databases using keywords
of “text-to-sketch retrieval” (TSkRet), “text-to-sketch
generation” (TSkG), “textto-shape retrieval” (TShRet),
“text-to-shape generation” (TShG), “sketch-based 3D
shape retrieval” (SkShRet), “sketch-based 3D shape
generation” (SkShG), “sketch-based 3D shape recon-
struction” (SkShRec), “sketch-based 3D shape synthe-
sis” (SkShSyn), and “3D shape reconstruction from
sketches” (ShRecSk)

Table 4 Summary of Literature
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