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Abstract

Towards Human-Centered Generative Design: Cross-Modal
Synthesis for Three-Dimensional Design Concept Generation

Xingang Li, Ph.D.
The University of Texas at Austin, 2024

SUPERVISOR: Zhenghui Sha

There has been a fast-growing interest in generative design (GD) – an artificial
intelligence (AI)-based approach for early-stage design that automates the creation
and optimization of various design concepts. GD can quickly generate numerous
design variants, allowing for efficient exploration of design space, and thus can shorten
the product design cycle and reduce development costs. Despite advances in GD
technologies, current GD approaches place AI at the center of the design process and
lack direct involvement of human preference and judgment in the concept generation
process. This raises significant concerns, as current GD methods lack mechanisms that
incorporate human factors, such as aesthetic preferences, and the safety and comfort
of designs. This omission could lead to the creation of design concepts that fail to
meet human needs effectively. In contrast, human designers bring their expertise
and knowledge to generate human-centered designs, playing an irreplaceable role in
the design process. This is especially true in the early stages, where human domain
knowledge and preferences are crucial in determining the potential to produce user-
centered and user-friendly products. These elements critically influence the success
of product design and development.

To fill this research gap, the overarching goal is to realize human-centered
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generational design. Towards that goal, the research objective of my dissertation
is to develop a human-supervised data-driven generative design framework that can
actively keep humans in the loop, as well as in charge of the generation and evalua-
tion of AI-assisted design concepts in early-stage design. In particular, my research
is motivated to answer the following central research question: In what ways and
to what extent can human designers’ intent and preferences be incorporated as input
to actively interact and guide the GD process to improve the quality and relevance of
the design outcomes? The central research hypothesis is that human designers’
intent and preferences can be incorporated as input to guide the data-driven design
generation using cross-modal synthesis. Cross-modal synthesis is a machine learning
technique that can generate data in one modality (such as images) based on another
input modality. Our rationale is that human designers can use different design modal-
ities (such as sketches of car models) or a combination of them to represent their intent
and preferences (e.g., certain curvatures in a car’s exterior design), and cross-modal
synthesis methods can automatically transform them to desired design modalities,
such as 3D CAD models. However, the development of cross-modal synthesis meth-
ods for engineering design needs to address several fundamental challenges. These
challenges include the scarcity of design data, complexities in 3D design represen-
tations, large semantic gaps between different modalities (challenging to maintain
design integrity and intent embedded in the input design modality), and vectorized
design representations for AI training.

To test the central hypothesis, we aim to answer three Research Questions
(RQs). (1) How feasible and to what extent can cross-modal synthesis methods with
unimodal input incorporate human designers’ intent and preferences as input to guide
the data-driven design generation? (2) How feasible and to what extent can cross-
modal synthesis methods with multimodal inputs incorporate human designers’ intent
and preferences as input to guide the data-driven design generation? (3) What are
the effects of different representations of the generated designs on the data-driven
design evaluation?
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To address these RQs, we explore various methodologies. For RQ 1, we con-
duct a systematic review of deep learning methods for cross-modal tasks, from which
we identify technology on how to develop cross-modal synthesis methods for engineer-
ing design. We then develop a novel neural network architecture, target embedding
variational autoencoders, based on which we create two cross-modal synthesis meth-
ods with unimodal input for the task of (1) silhouette contour sketch to 3D mesh and
(2) image to CAD sequence. In response to RQ 2, we propose a multimodal CAD
dataset to enable and evaluate large language models’ ability to generate CAD mod-
els from multimodal inputs (i.e., textual descriptions, sketches, and images). Lastly,
RQ 3 is answered by developing a data-driven structure-aware generative design and
evaluation approach and examining vectorized design representations to improve the
assessment of generated designs.

From the results, we conclude that: (1) Cross-modal synthesis methods, capa-
ble of processing either unimodal or multimodal inputs, exhibit significant potential
in capturing and integrating human designers’ intent and preferences to guide the
generation of early-stage design concepts in 3D representations. Although textual de-
scriptions, sketches, and images may not fully encapsulate the designers’ envisioned
ideas—a challenge also prevalent in traditional design practices—our cross-modal
synthesis approaches can still discern and interpret the underlying design preferences
from these varied input modalities. Consequently, these methods can generate 3D
designs that are closely aligned with the specified design requirements embedded in
the input design modalities, thus bridging the gap between conceptual intent and
tangible design artifacts. (2) The choice of mathematical design representations (e.g.,
vectors of design features) significantly influences the evaluation of generated designs
in design performance prediction. Such influences are particularly significant when
product geometries become more intricate and when dealing with systems design gen-
eration where complex interdependent relations between components exist. Although
latent spaces are commonly utilized for these vectorized representations to acceler-
ate AI-assisted design evaluation and optimization, such latent vectors may prove
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unsuitable if any information irrelevant to the engineering performance of interest
is encapsulated during the formulation of design representations, consciously or un-
consciously. This observation underscores the imperative for designers to consider
the suitability of vectorized design representations for evaluation purposes from the
beginning of developing DGD methodologies.

In summary, this dissertation represents a critical step forward in human-
centered generative design. It advances the design field by addressing a crucial gap in
existing GD methodologies, facilitating a human-centered GD approach. Specifically,
we introduce a novel Human-Supervised Data-Driven Generative Design Framework
with cross-modal synthesis methods for design generation and AI-assisted design eval-
uation methods, which enhance human control and interaction within the GD process.
Notably, this work develops an innovative neural network architecture tailored for
cross-modal synthesis in engineering design. This architecture is particularly adept
at incorporating human intent and preferences into the GD of 3D design concepts.
The proposed methodologies can significantly accelerate design ideation, enhance the
exploration of design spaces, and incorporate downstream considerations into early-
stage decision-making. The methodologies are domain-independent and can be em-
ployed across different products in industries to expedite the product development
cycle and decrease associated costs. Furthermore, the methods have the potential to
be translated into pedagogical tools in design education, preparing next-generation
engineers for future careers in an evolving landscape that increasingly values human-
AI collaboration in engineering design.
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Chapter 1: Introduction

1.1 Motivation

The objective of my dissertation research is to develop a human-supervised
data-driven generative design framework that can actively keep humans in charge of
artificial intelligence (AI)-assisted 3D design concept generation and evaluation in
early design.

AI is a rapidly growing technology that has played an essential role in support-
ing and even replacing humans in many situations of problem-solving and decision-
making. The same trend is observed in engineering design. As shown in Figure
1.1, a traditional design process consists of four major stages (Won, 2001): Analysis:
identify the design opportunities from user feedback and needs; Conceptual Design:
generate ideas and concepts; Preliminary Design: evaluate and refine the generated
concepts; and Detailed Design: develop a final solution. Such a design process is often
iterative within each stage, as well as between stages. So far, AI has been applied
to different design stages to automate repetitive and time-consuming tasks, such as
customer needs analysis, generating design concepts, engineering analysis, and opti-
mization at various design stages (Han et al., 2023; Chen and Fuge, 2019; Li et al.,
2021c; Regenwetter et al., 2022).

In particular, in the early stage of design, such as the Conceptual Design stage
in Figure 1.1, generative design (GD) methodology is drawing more and more atten-
tion and has been widely adopted in many engineering applications, such as wheel
rim design (Oh et al., 2019; Yoo et al., 2020) and integrated into many commercial
computer-aided design (CAD) software, such as Autodesk Fusion 360 (Keane, 2018).
GD is an AI-driven design method that utilizes computer algorithms to automatically
generate design concepts by considering human-defined objectives, parameter ranges,
and constraints (McKnight, 2017; Krish, 2011; Matejka et al., 2018; Singh and Gu,
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Figure 1.1: The comparison of (a) traditional engineering design process using CAD
and CAE and (b) AI-assisted engineering design process
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2012). GD automates the process of concept creation and design optimization, so it
can quickly generate a large number of design variants, many of which could even be
beyond human imagination. By repeating these computational routines many times,
a variety of designs that meet the goal eventually emerge. Designers then review these
outputs, often with the aid of interactive visual analytics for intuitive assessment and
comparison across the board, and choose one or more designs for prototyping (van
Kastel, 2018). As a result, it facilitates the exploration of the design space and the
evaluation of various designs which can shorten the product design cycle and reduce
the development cost (Mountstephens and Teo, 2020; Li and Lachmayer, 2019).

However, there is a critical gap in current GD technologies: they do not directly
involve human preference and judgment in the concept generation process (Urquhart
et al., 2022; Demirel et al., 2023a), yet the human role in early design is irreplaceable.
For example, human designers’ domain knowledge in judging functional performance
and users’ preferences for aesthetics are both important factors that can influence the
final design embodiment. Rule-driven GD (RGD) methods, such as shape grammars,
genetic algorithms, and topology optimization, prioritize engineering performance and
often generate designs that are too complex to produce without additive manufactur-
ing (McKnight, 2017); and, meanwhile, could ignore human preferences for aesthetics
(Oh et al., 2019). Furthermore, discovering design rules for a target task could be
time-consuming (Mountstephens and Teo, 2020), affecting RGD’s development and
thriving. On the contrary, data-driven GD (DGD) methods (see Figure 1.2 (a)), learn
latent design representations from data without explicit design rules, using techniques
such as variational autoencoders (VAEs) (Kingma and Welling, 2013) and generative
adversarial networks (GANs) (Goodfellow et al., 2014). They learn a probability dis-
tribution of the training data and generate new designs from the learned distribution
through random generation and interpolation (Li et al., 2023b). Although training
data could implicitly capture human preferences, DGD methods still lack explicit
human interaction and supervision over concept generation. As shown in Figure 1.2
(a), human preferences are aggregated and embedded in the training data of the final
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Figure 1.2: The comparison of (a) data-driven generative design process and (b)
human-supervised data-driven generative design process

design artifacts in traditional DGD methods. Consequently, in a typical GD-based
design process, designers specify objectives and constraints, delegate design genera-
tion to a GD engine, and select preferred designs from all generated designs. This
process is open-loop and AI-in-the-charge, thus not placing humans at the center of
the design generation. This raises significant concerns, as current generative design
methods lack mechanisms that incorporate human factors, such as aesthetic prefer-
ences, and the safety and comfort of designs. This omission could lead to the creation
of design concepts that fail to meet human needs effectively. In contrast, human
designers bring their expertise and knowledge to generate human-centered designs,
playing an irreplaceable role in the design process.

Due to the unique nature of early-stage design, humans shall remain at the
center of the concept generation process, leveraging their knowledge, expertise, cre-
ativity, intuition, and judgment to support the creation of user-friendly and user-
centered design solutions. Therefore, our ultimate goal is to address the research gap
by developing a human-centered generative design and optimization framework. To
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achieve this goal, we have been working on investigating how humans can directly in-
teract during the data-driven GD process and what the effects would be if designers or
users were provided with a human-supervised data-driven GD tool during their idea
generation process. We proposed a human-supervised data-driven GD framework as
shown in Figure 1.2 (b). Compared to the traditional data-driven GD process shown
in Figure 1.2 (a), the new framework provides interfaces to bring in human interac-
tions in three different modes: 1) to allow human preferences to be added before the
generative design process; 2) to enable humans to manipulate the latent design rep-
resentation from the trained AI design agent; 3) to allow human feedback to modify
the original human input to guide the re-generation of new designs or to modify the
originally generated designs. Based on this new human-supervised DGD framework,
the scope of my dissertation research is focused on the first mode and its associated
research questions, as discussed in the section below.

1.2 Central Research Question, Research Hypothesis, Re-
search Questions, and Research Tasks

The Central Research Question of my research is: In what ways and to
what extent can human designers’ intent and preferences be incorporated as input to
actively interact and guide the GD process to improve the quality and relevance of the
design outcomes? Our Central Research Hypothesis is that human designers’
intent and preferences can be incorporated as input to guide the data-driven design
generation using cross-modal synthesis.

Specifically, I am motivated to answer the following three Research Ques-

tions (RQs) to test this hypothesis.

• RQ 1: How feasible and to what extent can cross-modal synthesis methods with
unimodal input incorporate human designers’ intent and preferences as input to
guide the data-driven design generation?
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• RQ 2: How feasible and to what extent can cross-modal synthesis methods with
multimodal inputs incorporate human designers’ intent and preferences as input
to guide the data-driven design generation?

• RQ 3: What are the effects of different representations of the generated designs
on the data-driven design evaluation?

In Table 1.1, the research tasks associated with each RQ are presented. To
answer RQ 1, I (1) conduct a literature review on deep learning methods for cross-
modal tasks (or cross-modal synthesis methods) that have the potential to translate
human preferences in one design modality to 3D designs, (2) build a novel neural
network architecture for the cross-modal synthesis, and (3) apply the proposed neural
network architecture to build a sketch-to-3D model and (4) an image-to-3D model.

For RQ 2, I (1) synthesize a multimodal CAD dataset that has dimensional
information of the ground truth 3D designs, (2) use the images, sketches, and text
with dimensional information from the dataset as input to evaluate multimodal large
language models’ (LLMs) inherent capability to generate 3D CAD concepts, and (3)
propose ways to enhance the capability.

In DGD methods, such as many neural network-based methods, an important
link is the creation of vectorized design representations of the target design artifact
to be generated. To quickly evaluate the engineering performance of the generated
designs to support human selection, RQ 3 aims to investigate the effects of different
representations of the generated designs on the prediction accuracy of the engineering
performance. Therefore, the following four tasks must be accomplished: (1) obtain-
ing different vectorized design representations of the generated designs; (2) collecting
the engineering performance data of the generated designs using high-fidelity simula-
tions; (3) developing data-driven design evaluation methods; and (4) comparing the
prediction accuracy of the engineering performance using different combinations of
the vectorized design representations and data-driven design evaluation methods.
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Table 1.1: Research questions, tasks, and approaches
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Figure 1.3: Overview of the tasks and corresponding approaches in the proposed
human-supervised data-driven generative design framework

Exploring and resolving RQ 1 and RQ 2 offer valuable insights and method-
ologies for integrating human preferences and design intent into the data-driven design
generation process via cross-modal synthesis methods with unimodal or multimodal
input. This integration not only allows for an active interaction but also ensures that
the outcomes of the generated designs align with the intentions and preferences of
human designers. Furthermore, addressing RQ 3 introduces effective and efficient
methods for evaluating user-centered design concepts. Collectively, answering these
three RQs establishes a framework for human-supervised DGD that facilitates the
rapid generation and assessment of user-centered design concepts.

Figure 1.3 presents the research tasks, showing their connections in the pro-
posed human-supervised DGD framework. The proposed research approaches to ad-
dressing the technical issues associated with each research task, as shown in Table 1.1,
are explained. Regarding Task 1.1, the proposed approach involves a systematic lit-
erature review on deep learning of cross-modal tasks (DLCMT) in engineering design
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using design modalities (e.g., sketch, text) as input to guide design generation. In
Task 1.2, I developed an approach that integrates target-embedding representation
learning with variational autoencoders (VAEs) and built a novel target-embedding
variational autoencoder (TEVAE) architecture for DGD methods to handle cross-
modal design tasks. For Task 1.3 and 4, I am working to apply the proposed
TEVAE to create different cross-modal GD methods to support human-supervised
DGD, including a sketch-to-3D mesh method and an image-to-CAD sequence method,
respectively.

In Task 2.1, I build an automatic data synthesis pipeline to synthesize 3D
designs and render them into images and sketches and I use Amazon Mechanical
Turk to collect text data with dimensional information. In Task 2.2, I propose to
use the CAD programming code as an innovative bridge, facilitating the translation
of human designers’ multimodal inputs—including sketches, images, and textual de-
scriptions—to the creation of 3D CAD objects. This approach involves exploring the
effectiveness of multimodal LLMs, such as GPT-4Vision, in the generation of 3D CAD
designs. For Task 2.3, I propose a debugger using GPT-4V to iteratively correct the
syntax errors of the CAD programming code to enhance the quality of the 3D CAD
concepts.

Task 3.1 involves obtaining vectorized design representations of 3D car mod-
els using two methods: 1) latent vector from the latent space of trained VAEs; and
2) vectorized design representation by embedding the generated 3D shapes using the
implicit field method and a 3D point matrix. In Task 3.2, I obtained the drag
coefficient data of the 3D car models from ShapeNet (Chang et al., 2015), a large-
scale online dataset of 3D shapes, using high-fidelity computational fluid dynamics
software, Ansys Fluent. Together with the vectorized design representations of car
models, this dataset formed my training dataset for the construction of data-driven
design evaluation methods. For Task 3.3, I have built data-driven design evalua-
tion methods using surrogate modeling techniques and, particularly, two techniques:
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the Gaussian process regression and locally linear embedding. I used k-fold cross-
validation for Task 3.4 to compare the prediction accuracy of different combinations
of vectorized design representations and surrogate models and found the appropriate
vectorized design representations in DGD for fast design evaluation.

1.3 Contributions
1.3.1 Overall Contributions

This dissertation advances human-centered generative design by addressing a
crucial gap in existing methodologies, facilitating a human-centered approach. We in-
troduce a novel Human-Supervised Data-Driven Generative Design Framework incor-
porating cross-modal synthesis methods and AI-assisted design evaluation techniques.
Our approach enhances human control and interaction within the GD process. We
have developed an innovative neural network architecture tailored for cross-modal
synthesis in engineering design. This architecture effectively incorporates human in-
tent and preferences into the generation of 3D design concepts. Our methodologies
significantly accelerate design ideation, improve exploration of design spaces, and
integrate downstream considerations into early-stage decision-making. They might
have broad applicability across industries, speeding up product development cycles
and reducing associated costs. Moreover, these methods can be adapted into educa-
tional tools for design students, preparing them for careers in an evolving landscape
that increasingly values human-AI collaboration in engineering design.

1.3.2 Research Efforts and Technical Contributions

The development of cross-modal synthesis methods and AI-assisted evaluation
methods for engineering design needs to tackle several fundamental challenges (Li
et al., 2023b). These challenges include:

• Scarcity of design data: Unlike the abundant datasets of images or text, high-
quality engineering data (such as 3D design data with corresponding engineer-
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ing performance) are often confidential and challenging to obtain. However,
acquiring such data is crucial for training reliable and effective AI models in
engineering design.

• Complexities in 3D design representations: Engineering designs are often in
3D which can be represented in various forms, such as meshes, voxels, point
clouds, implicit fields, and boundary representations. Each has its own merits
and limitations in the context of AI-driven design.

• Bridging semantic gaps: There exists a notable semantic gap or information
difference between different modalities (e.g., textual descriptions, sketches) and
3D CAD models, which complicates the synthesis process. Therefore, it is also
challenging to maintain design integrity and intent embedded in the input design
modality when transitioning between modalities.

• Vectorized representations for AI training: Identifying and utilizing appropri-
ate vectorized design representations for neural network training is crucial for
effective learning, generation, evaluation, and optimization processes. However,
adapting these representations to various types of design data often requires
innovative approaches and thus presents significant challenges.

To address the challenges, I have devised strategies to collect and synthesize
datasets, build novel neural network architectures, and devise innovative vectorized
design representations for 3D design data for both design generation and evaluation.
The proposed methods can (a) enable active human interaction and guidance in the
GD process through cross-modal synthesis, whether with unimodal or multimodal
inputs, and (b) efficiently and effectively evaluate numerous generated design con-
cepts by leveraging suitable vectorized design representations and surrogate models.
These approaches lay the groundwork for the Human-Supervised Generative Design
(HSGD) Framework as shown in Figure 1.3. This innovative framework integrates
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human preferences, expertise, and feedback into GD methodologies, marking a sig-
nificant advancement in the field. It accelerates the design iteration process during
the conceptual design phase, introduces downstream design considerations into early-
stage decision-making, and addresses the fact that decisions made during the early
stages can influence 70-80% of a product’s lifecycle costs (Pahl et al., 1996).

The primary research efforts are outlined below.

• Systematic review of methods for deep-learning of cross-modal tasks

(DLCMT) for conceptual design of product shapes

We made the first effort to conduct a systematic literature review to identify
DLCMT methods such as cross-modal synthesis methods, for the conceptual
design to facilitate human-supervised generative design. DLCMT methods are
likely to introduce new opportunities to support and enhance activities in the
conceptual design stage for product shape design and beyond. We conduct
a close examination of the existing literature 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 also discuss
potential solutions to these challenges and point out future research directions.

• A novel target-embedding variational autoencoder (TEVAE) archi-

tecture by integrating target-embedding representation learning with

variational autoencoders (VAEs) and cross-modal synthesis methods

with unimodal input based on the TEVAE

Trying to ensure the continuity of the latent space and improve the cross-modal
synthesis process, we upgraded the traditional target-embedding autoencoders
(TEAs) to target-embedding variational autoencoders (TEVAEs) by replacing
the autoencoders with variational autoencoders. The proposed novel TEVAE
architecture has facilitated two innovative cross-modal synthesis methods: the
silhouette contour sketch-to-3D mesh model and the image-to-CAD sequence
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model. The silhouette contour sketch-to-3D mesh model is the first sketch-to-3D
model that can take a contour sketch as input and output authentic 3D shapes
that reflect humans’ design intent and preferences. The image-to-CAD sequence
model is also the first proposed method for reverse engineering to reconstruct
3D CAD models given a single image. More importantly, the direct outcome
of the model is CAD sequence, which can provide knowledge that facilitates a
better understanding of the 3D CAD modeling process and can offer flexibility
in modifying steps to change the 3D geometry. In addition, CAD sequences can
be parsed to 3D models using native CAD environment but the reverse process
is not possible. The TEVAE architecture is general enough to be applied to
different problems for cross-modal synthesis.

• Multi-modal large language models for 3D CAD generation

We fill a research gap in the literature that no quantitative evaluation has been
performed to assess the efficacy of multimodal LLMs in the CAD generation
of 3D shapes for conceptual design. To that end, I first create a novel CAD
dataset of five categories of mechanical components (i.e., shafts, nuts, flanges,
springs, and gears with diverse geometry complexity) for testing multimodal
LLMs, including textual descriptions, sketches, images, and 3D CAD models.
In particular, textual descriptions of the target design objects are in natural
languages with detailed dimensional information collected with Amazon Me-
chanical Turk, an online crowdsourcing platform. The effectiveness of the mul-
timodal LLM GPT-4V model in 3D design generation is evaluated, and new
knowledge of their strengths and limitations is obtained. In addition, a novel
method is developed and implemented to enhance the GPT models’ proficiency
in generating 3D CAD models. Specifically, we develop a debugger to correct
syntax errors in the synthesized CAD programs to improve their success rate of
being translated to 3D CAD models.
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• Design representation for performance evaluation of 3D shapes in

structure-aware generative design

Little is known about the efficacy of latent vectors acquired from the structure-
aware data-driven generative design (DGD) training process, which encom-
passes both part-to-part structural information and geometric information. We
fill this research gap by performing experiments to compare the performance of
the latent vectors obtained from the training process of a structure-aware DGD
model in predicting the engineering performance of the designs, with those ob-
tained by embedding the generated 3D shapes (after training) using a 3D point
grid (3DPG). The results indicate that while latent vectors are commonly used
as vectorized design representations (VDRs) for AI-assisted design evaluation,
they may not be suitable when the encoded information contains factors (e.g.,
structural information) that are of little relevance to the engineering perfor-
mance of interest. The results have a broader impact on industry professionals
because the use of appropriate VDR can lead to the improved predictive per-
formance of design automation tools. A better prediction of engineering per-
formance will also help designers make informed decisions in the early design
stage when interacting with AI, facing a large number of design alternatives
generated, thus potentially shortening the overall design cycle and reducing the
development time.

1.4 Overview of the Dissertation

In Chapter 2, the relevant literature on generative design, deep generative
models, target-embedding representation learning, and surrogate modeling is pre-
sented and the research gaps are identified. RQ 1 is answered in Chapters 3, 4, and
5. In Chapter 3, a systematic review of the technical background of deep learning of
cross-modal tasks is presented. Chapter 4 presents the development of target embed-
ding variational autoencoders (TEVAEs) and the application of TEVAEs to build a

32



silhouette contour sketch-to-3D mesh neural network model. Chapter 5 introduces an
image-to-CAD sequence model built on TEVAEs which can be employed for reverse
engineering of 3D CAD objects. RQ 2 is answered in Chapter 6 which presents how
we propose a multimodal CAD dataset to evaluate and improve LLMs’ capability to
generate CAD models by taking multimodal inputs. Chapter 7 answers RQ 3 and it
presents a data-driven structure-aware generative design approach and our investiga-
tion of design representations for structure-aware design evaluation. Finally, Chapter
8 discusses the closing thoughts and future work. Figure 1.4 shows the dissertation
overview and roadmap.
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Figure 1.4: Roadmap of the dissertation
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Chapter 2: Literature Review

In this chapter, we review the existing literature in the fields of generative de-
sign, computer-aided design (CAD), target-embedding representation learning, and
surrogate modeling. These areas represent the foundational technologies pivotal to
achieving our research objective: the development of a human-supervised data-driven
generative design framework. Following the review of the literature, we pinpoint a
significant research gap that there is an absence of direct incorporation of human
preferences and design intentions during the generative design process. In the con-
cluding section of this chapter, we delve into strategies for addressing this identified
gap, setting the stage for our contribution to the field.

2.1 Generative Design

Generative design (GD) methodology is drawing more and more attention and
has been widely adopted in many engineering applications, such as wheel rim design
(Oh et al., 2019; Yoo et al., 2020) and integrated into many commercial computer-
aided design (CAD) software, such as Autodesk Fusion 360 (Keane, 2018). GD is an
AI-driven design method that utilizes computer algorithms to automatically gener-
ate design concepts by considering human-defined objectives, parameter ranges, and
constraints (McKnight, 2017; Krish, 2011; Matejka et al., 2018; Singh and Gu, 2012).
GD automates the process of concept creation and design optimization, so it can
quickly generate a large number of design variants, many of which could even be be-
yond human imagination. By repeating these computational routines many times, a
variety of designs that meet the goal eventually emerge. Designers then review these
outputs, often with the aid of interactive visual analytics for intuitive assessment and
comparison across the board, and choose one or more designs for prototyping (van
Kastel, 2018). As a result, it facilitates the exploration of the design space and the
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evaluation of various designs which can shorten the product design cycle and reduce
the development cost (Mountstephens and Teo, 2020; Li and Lachmayer, 2019).

GD emerged as one of the most prominent computational design methodolo-
gies that use an iterative approach within a software program to generate outputs
that meet certain constraints. A designer can fine-tune the feasible region with the
help of the GD software by selecting or changing input values (or ranges) and their
distribution. The GD software uses mechanical, materials, manufacturing, spatial,
and cost-related constraints to generate more optimized designs.

However, there is a critical gap in current GD technologies: the absence of
direct incorporation of human preferences and design intentions during the concept
generation process (Urquhart et al., 2022; Demirel et al., 2023a). Despite the ad-
vancement of GD technologies, the indispensable role of human involvement in the
initial stages of design remains evident. The domain expertise of human designers
in evaluating functional performance, alongside the consideration of user aesthetic
preferences, are crucial determinants that significantly impact the ultimate design
outcome.

There are in general two types of GD methodologies: Rule-driven and data-
driven (Regenwetter et al., 2022). Rule-driven GD (RGD) methodologies, such as
shape grammars, genetic algorithms, and topology optimization, are primarily focused
on optimizing engineering performance. These methods frequently yield designs of
a complexity that requires additive manufacturing for realization (McKnight, 2017).
Additionally, these approaches may inadvertently overlook the aesthetic preferences
of users (Oh et al., 2019). The process of identifying relevant design rules for specific
tasks is not only challenging but also time-intensive (Mountstephens and Teo, 2020).
This presents a significant obstacle to the proliferation and advancement of RGD.

In contrast, data-driven GD (DGD) approaches are mainly developed based
on deep generative models. Deep generative models are a class of machine learning
models that aim to learn the underlying distribution of a dataset and generate new
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data points that are similar to the training examples (e.g., existing cars in the mar-
ket), which have been applied in a wide range of fields, including image and speech
recognition, natural language processing, and engineering design (Regenwetter et al.,
2022). Two popular types of deep generative models are variational autoencoders
(VAEs) (Kingma and Welling, 2013) and generative adversarial networks (GANs)
(Goodfellow et al., 2014).

VAEs are a type of neural network that can learn a low-dimensional represen-
tation (usually called a latent vector) of high-dimensional data. VAEs consist of two
neural networks: an encoder and a decoder. The encoder network takes in an input
data point and maps it to a lower-dimensional representation, which is then fed into
the decoder network. The decoder network then maps the lower-dimensional repre-
sentation back to the original high-dimensional space, generating a new data point.
VAEs are trained by minimizing a loss function that encourages the encoder to map
similar data points to low-dimensional representations and the decoder to generate
similar data points. The encoder network learns to generate a probability distribution
over the low-dimensional representations of the input data, and the decoder network
learns to generate a probability distribution over the high-dimensional data points
given a low-dimensional representation.

GANs consist of two neural networks: a generator and a discriminator. The
generator takes in a random noise vector and maps it to a data point, while the
discriminator takes in a data point and predicts whether it is real or generated. GANs
are trained by playing a minimax game between the generator and the discriminator.
The generator tries to generate data points that are similar to the training examples
and fool the discriminator into thinking they are real, while the discriminator tries to
correctly classify whether a data point is real or generated. Through this adversarial
training process, the generator learns to generate realistic data points that are similar
to the training examples, while the discriminator learns to accurately distinguish
between real and generated data points.
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These methods derive latent design representations directly from data, without
the need for explicit design rules. By learning the probability distribution of the
training data, DGD methods are capable of generating novel designs by employing
techniques of random generation and interpolation (Li et al., 2023b). Although DGD
methods could implicitly capture human preferences, within the training dataset, they
still fail to facilitate direct human engagement and oversight during the generative
design process. DGD methods integrate and encode human preferences within the
training data used to create final design artifacts.

Consequently, in a typical GD-centric design workflow, designers delineate ob-
jectives and constraints, delegate design generation to a GD engine, and subsequently
select the most suitable designs from the generated pool. This approach, character-
ized by its open-loop nature and AI-in-the-charge, fails to position humans at the
core of the design generation process. This oversight becomes particularly critical
during the conceptual design phase, where human preferences (e.g., shapes, layouts,
etc.) are paramount, contrasting with scenarios where engineering performance is the
dominant criterion for design selection. To that end, for my dissertation research,
I have primarily employed VAEs to construct human-supervised DGD methods to
incorporate human designers’ design intentions and preferences. More specifically,
we devised a novel architectural framework called target-embedding variational au-
toencoder (TEVAE), which draws inspiration from target-embedding representation
learning.

2.2 Computer-Aided Design

Modern computer-aided design (CAD) systems are instrumental in the cre-
ation, modification, analysis, and optimization of designs across various engineering
fields. In this section, we review modeling techniques in CAD systems and data-driven
CAD modeling methods.
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2.2.1 Modeling Techniques in CAD Systems

Central to these systems are advanced modeling techniques such as construc-
tive solid geometry (CSG), parametric modeling, boundary representations (B-rep),
and feature-based design. Each of these methodologies contributes uniquely to the
functionality and versatility of CAD systems.

CSG is a modeling technique that utilizes Boolean operations such as union,
intersection, and difference to merge primitive shapes (e.g., blocks, cylinders, spheres,
and cones) to create intricate solid models. These CSG models are structured as
binary trees, with the primitive shapes as leaves and the Boolean operations as nodes.
CSG offers several advantages, including the ease of modeling regular, symmetrical
shapes and the ability to perform robust Boolean operations. However, it may be less
efficient for representing highly detailed or irregular geometries. Despite this, the use
of CSG in modern CAD systems is widespread, especially in applications that require
precise control over the geometric and topological properties of the model (Requicha,
1980).

On the other hand, parametric modeling is a robust method used in CAD that
employs parameters to define the geometry and constraints of a design. These param-
eters can include dimensions, angles, or other measurable properties. Making changes
to these parameters will automatically update the entire model, maintaining the rela-
tionships and constraints between different elements. This approach improves design
flexibility and efficiency, allowing designers to quickly iterate and refine models. Para-
metric modeling is essential in modern CAD systems to build complicated systems
of designs for applications such as mechanical part design, architectural modeling,
and industrial design, where iterative modifications are common (Shah and Mäntylä,
1995).

The B-rep format is the widely accepted standard for CAD models, offering
precise analytical representations of surfaces and curves for advanced control of 3D
shapes (Weiler, 1986). This method provides a detailed description of the shape and

39



structure of a 3D object by representing its boundaries through faces, edges, and
vertices. B-rep models are commonly used in CAD systems for their accuracy and
flexibility, particularly in applications that demand intricate surface modeling, such
as automotive and aerospace design. They also enable advanced operations such as
surface smoothing, trimming, and joining (Mäntylä, 1987).

Feature-based design or modeling extends beyond traditional geometric mod-
eling by including higher levels of information, making design environments more
productive and allowing for greater automation in downstream applications. Fea-
tures such as holes, slots, pockets, and bosses are directly tied to design intents and
constraints, making the design process more intuitive and aligned with manufactur-
ing capabilities. This approach enables designers to focus on higher-level functional
aspects rather than low-level geometric details. Feature-based design is integral to
modern CAD systems, supporting advanced applications such as automated manu-
facturing, assembly planning, and product lifecycle management (Shah and Mäntylä,
1995). In this method, users interactively define features by selecting topological enti-
ties (such as edges or faces) from a geometric model. Several schemes of representing
features have been proposed, such as augmented graphs, syntactic strings in gram-
mars, and object-oriented programming (Shah, 1991). Feature-based design offers
significant advantages in creating rich, high-level databases that facilitate advanced
design and manufacturing processes (Shah, 1991; Shah and Mäntylä, 1995).

2.2.2 Data-Driven CAD Modeling Methods

The advancements discussed above have significantly enhanced the capabili-
ties of CAD tools, empowering designers to create complex models more efficiently.
Modern CAD software such as SolidWorks, Fusion 360, CATIA, and Onshape are now
more intuitive and user-friendly. However, there remains a steep learning curve to
effectively use these programs, and proficiency in both design principles and software
operations is crucial for designers. For example, an experienced designer accustomed
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to using pencils, rulers, and paper may struggle to adapt to a company’s current
requirements due to a lack of CAD skills.

The goal is to streamline the design process, allowing designers to focus on
their creative vision rather than on time-consuming operations and adjustments us-
ing CAD systems. Ideally, systems would leverage input from designers—such as ”A
stylish table suited for dining”—to autonomously generate design concepts. Further-
more, it would be highly beneficial if computers could also suggest design ideas or
subsequent CAD operations based on their understanding of the designer’s historical
CAD operations and general or specific design principles. This vision is becoming in-
creasingly attainable with the surge in data-driven CAD modeling with breakthroughs
in artificial intelligence (AI) technologies.

CAD models are structured designs, allowing for precise control and flexibility
in the design process. They are particularly suitable for industrial and engineering
designs, where precision and the ability to easily modify designs are crucial. As
introduced previously, there are two main types of CAD models: CSG and parametric
CAD models (including CAD sequence data and B-rep models) (Wu et al., 2021;
Para et al., 2021). In contrast, discrete 3D representations, such as meshes and point
clouds, are more static and less flexible in terms of parametric editing and design
exploration (Wu et al., 2021; Para et al., 2021). In the following, we will review the
status of data-driven methods for CAD models.

Numerous research efforts have focused on deep learning techniques for the
creation of CAD models using CSG (Ren et al., 2021; Sharma et al., 2017, 2019;
Kania et al., 2020). Despite its capabilities, CSG does not offer the adaptability
found in modern CAD utilities that employ parametric modeling techniques. On
the other hand, parametric CAD models are initiated from 2D outlines consisting of
basic geometric shapes (e.g., squares and circles) connected with explicit constraints
such as alignment and right angles, which serve as a basis for 3D modeling methods
(e.g., extruding or sweeping). For parametric CAD models, associated deep learning
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approaches cover the creation and reconstruction of 2D engineering drawings and 3D
objects. Contemporary studies (Willis et al., 2021a; Seff et al., 2021; Ganin et al.,
2021; Para et al., 2021; Yang and Pan, 2022) have been concentrated on utilizing deep
learning for generating CAD drawings, with a focus on generating 2D configurations
that precede the creation of 3D shapes. The B-rep format is the widely used standard
for 3D shape definition in CAD systems. Recent developments include learning-based
methods for generating parametric curves (Wang et al., 2020) and surfaces (Sharma
et al., 2020). Moreover, Smirnov et al. (Smirnov et al., 2020) have developed a
generative approach to create a model topology that integrates these curves and
faces using specific topological templates. Some techniques facilitate the creation
of B-rep models with complex and varying topologies (Guo et al., 2022; Jayaraman
et al., 2022; Wang et al., 2022b).

Advances have also been seen in automated CAD sequence creation to recon-
struct 3D models, especially through the Sketch-and-Extrude method. Unconditional
generation of these CAD sequences has been the focus of these methods (Wu et al.,
2021; Xu et al., 2022), which are geared towards independently producing CAD se-
quences. Notably, Wu et al. (Wu et al., 2021) introduced DeepCAD, a pioneering
generative model that learns from CAD modeling operations to generate modifiable
designs. By comparing CAD operation sequences to natural language, they have
utilized a transformer (Vaswani et al., 2017) framework, exploiting its proficiency in
sequence comprehension and production, to suit the specific needs of CAD design
tasks.

Generative models can indeed produce a wide array of designs, providing
sources of inspiration and the exploration of varied design options. Nonetheless,
these models do not inherently include the designer’s intentions within the generative
process. Therefore, the outcomes may not meet the designer’s expected criteria or
specific needs (Li et al., 2022c; Demirel et al., 2023a). This issue underscores the
need for methods that enable designers to guide the generative process, ensuring the
resultant designs are more in line with their objectives and preferences (Demirel et al.,
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2023a). To address this, diverse approaches have been proposed to guide the creation
of CAD sequences for targets such as B-rep models (Willis et al., 2021b; Xu et al.,
2021), voxels (Lambourne et al., 2022; Li et al., 2023a), point clouds (Uy et al., 2022;
Ren et al., 2022), and sketches (Li et al., 2020b, 2022a). Specifically, Fusion 360 Gym
(Willis et al., 2021b) was created to rebuild a CAD model from a B-Rep model by ap-
plying a technique based on face extrusion, which utilizes the planar faces present in
the B-Rep model. Nevertheless, despite its capability for generating CAD sequences,
the face-extrusion technique differs substantially from the more conventional sketch-
extrusion approach typically employed by designers. This method also falls short
when the input data, such as images, lacks sufficient planar or profile information.

These AI-driven CAD systems hold the promise of revolutionizing design by
taking over the more tedious elements of CAD modeling, thereby boosting productiv-
ity and promoting creativity. Yet, there is a noticeable gap in the research, specifically
on producing CAD sequences from images that could facilitate more intuitive and
user-friendly interactions with intelligent CAD systems, which we refer to as CAD

Copilot. We envision CAD Copilot to integrate capabilities like ChatGPT directly
into CAD software, enabling users to interact with their design environment using
multiple input modalities, such as natural language descriptions, images, and audio.
CAD copilot could also be enabled to suggest design ideas and next-step CAD oper-
ations based on designers’ historical CAD operations like Google Gmail’s suggestions
on writing. This could potentially streamline workflows, enhance design exploration,
and democratize access to complex CAD tools.

2.3 Target-Embedding Representation Learning

Girdhar et al. propose a TL-embedding network (Girdhar et al., 2016) that is
composed of a T-network for training and an L-network for testing. The T-network
contains an autoencoder (encoder-decoder) network and a convolutional neural net-
work (CNN). After training, the L-network can be used to predict 3D shapes in voxels
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from images. Similarly, Mostajabi et al. (Mostajabi et al., 2018) use an autoencoder
and a CNN to perform the semantic segmentation task of images. Dalca et al. (Dalca
et al., 2018) apply a similar network structure as (Girdhar et al., 2016; Mostajabi
et al., 2018), consisting of a prior generative model, to generate paired data (biomed-
ical images and anatomical regions) to solve the scarcity of labeled image data for
anatomical segmentation tasks. Jarrett and Schaar (Jarrett and van der Schaar, 2020)
categorize these studies as supervised representation learning methods. They observe
that when the dimension of the target data space is higher or similar to the feature
data space, a target-embedding autoencoder (TEA) can be more effective than a
feature-embedding autoencoder (FEA). The authors verify that the TEA structure
will guarantee learning stability by using a mathematical proof of a simple linear
TEA and showing the empirical results from a complex non-linear TEA. Inspired
by those existing works, we developed the target-embedding variational autoencoder
(TEVAE) architecture, which has been applied in my research to build AI-assisted
concept generation methods that are both predictive and generative by taking human
factors as input.

2.4 Surrogate Modeling

Surrogate models are commonly used in engineering design, optimization, and
simulation-based decision-making, where they can provide accurate predictions and
enable rapid exploration of the design space. Surrogate models are simplified math-
ematical or statistical models that are developed to approximate the behavior of a
complex, computationally expensive model (Wang and Shan, 2007; Sobester et al.,
2008).

In many real-world applications, the underlying model that describes the re-
lationship between input variables and output variables may be too computationally
expensive to evaluate directly or may involve physical processes that are difficult to
simulate. In such cases, surrogate models can be used to reduce the computational
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burden by creating a simpler, faster-to-evaluate model that captures the essential
features of the original model. Surrogate models can be developed using various
techniques such as regression analysis, machine learning algorithms, or optimization
techniques. Surrogate models require that a design be represented as a fixed-length
vector of design features (i.e., vectorized design representation) (Whalen and Mueller,
2022). We build the AI-assisted concept evaluation methods using surrogate model
methods (e.g., Gaussian process, locally linear embedding) and compare the predic-
tion accuracy of engineering performance using different design representations (e.g.,
latent vectors from the learned neural network, embedding feature vectors using the
generated designs).

2.5 Bridging the Gap with Cross-Modal Synthesis

In identifying the significant gap within the current landscape of generative
design—the absence of direct incorporation of human preferences and design inten-
tions—it becomes imperative to explore innovative strategies that can effectively
bridge this divide. Our research identifies cross-modal synthesis as a promising av-
enue towards achieving this goal. Cross-modal synthesis, by its nature, offers a unique
framework for integrating diverse inputs, including human feedback, into the genera-
tive design process. This approach not only enables the direct translation of human
insights into design outputs but also enhances the adaptability and relevance of the
design outcomes to human needs and preferences.

The potential of cross-modal synthesis in our context lies in its ability to facil-
itate a more dynamic interaction between the human supervisor and the generative
design framework. By leveraging cross-modal synthesis, we propose a novel method
where human preferences and design intentions are encoded into a form that is seam-
lessly integrated into the generative process. This methodology ensures that the
design output is not only data-driven but also closely aligned with human aesthetic
and functional requirements. Furthermore, the application of cross-modal synthe-
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sis in this framework addresses the critical need for a more intuitive and interactive
design process. It allows for the iterative refinement of designs based on real-time
human feedback through intuitive design modalities, such as text, sketches, or images,
thus significantly enhancing the efficiency and effectiveness of the generative design
process.

In conclusion, our exploration into the utilization of cross-modal synthesis
stands as a cornerstone of our approach to mitigating the identified gap in the field.
This strategy not only aligns with our objective of developing a human-supervised
data-driven generative design framework but also sets a new direction for future
research in this area. By advancing this innovative approach, we aim to contribute
significantly to the field, offering a model that better incorporates human insight
into the generative design process, thereby enriching the quality and applicability of
design outcomes.

To deepen our understanding of cross-modal synthesis methods in engineering
design, Chapter 3 is dedicated to a systematic literature review on the methods
for deep learning of cross-modal tasks (DLCMT). This review aims to uncover the
technologies, potentials, and challenges inherent in cross-modal tasks, e.g., cross-
modal synthesis to build our knowledge foundation for the dissertation research.
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Chapter 3: Deep Learning Methods of
Cross-Modal Tasks for Conceptual Design of

Product Shapes: A Review

Abstract
In conceptual design, product shape design is one of the most

paramount aspects. When applying 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 cre-

ativity. With recent advances in deep learning of cross-modal tasks

(DLCMT), 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, generation, and manip-

ulation methods for DLCMT that involve three cross-modal types:

text-to-3D shape, text-to-sketch, and sketch-to-3D shape. The re-

view identifies 50 articles from a pool of 1341 papers in the fields

of computer graphics, computer vision, and engineering design. We

review 1) state-of-the-art DLCMT methods that can be applied to

product 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 DLCMT 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 design.
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3.1 Introduction
1 The product shape is essential in the conceptual design of engineered prod-

ucts because it can affect both the aesthetics and the engineering performance of a
product (Ulrich, 2003). Figure 3.1 shows the flow of information and the key steps for
the design of product shapes at the conceptual design stage(Ulrich, 2003), where the
information can be categorized into three modalities: natural language (e.g., text),
sketches (e.g., 2D silhouette), and 3D shapes (e.g., meshes). We call them design
modalities. Generally, customer needs and engineering requirement documents are
in the form of natural languages. 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 Integration are the
core steps of conceptual design to gather information from existing design solutions
for inspiration and to develop novel design concepts to better explore the design space
(Ulrich, 2003).

Early design automation methods, such as grammar- and rule-based meth-
ods, rely primarily on human design experience and knowledge to generate design
alternatives (Chakrabarti et al., 2011). In contrast, deep learning methods can learn
latent design representations from data without explicit design rules or grammar, so
they have been increasingly adopted in many engineering design applications. So
far, however, deep learning methods have been applied mainly in the later stages of
engineering design for design automation (Regenwetter et al., 2022). 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

1This chapter has been published in the following paper in the Journal of Mechanical Design. Li,
X., Wang, Y., and Sha, Z. (January 10, 2023). Deep Learning Methods of Cross-Modal Tasks for
Conceptual Design of Product Shapes: A Review. ASME. J. Mech. Des. April 2023; 145(4): 041401.
https://doi.org/10.1115/1.4056436. I am the leading author of this paper and was primarily
responsible for the conceptual framework, literature review, and writing of the manuscript.
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Figure 3.1: Iterative conceptual design stage in the development of engineered prod-
ucts

multiple modalities, 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 methods
tend to focus on one specific design task at a time. Finally, 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 methods developed
using deep learning do not interact directly with human data, but only implicitly
capture human preferences from training datasets, as shown in Figure 3.2.

With recent development in deep learning of cross-modal tasks (DLCMT) 2,
we see the opportunities of applying these methods to address the aforementioned
challenges, particularly in product shape design, such as car body and plane fuselage
(Smirnov et al., 2020; Guillard et al., 2021). DLCMT allows explicit human input in

2DLCMT 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
modalities (e.g., texts, audio, and images) in a common semantic space, which allows the model
to compute cross-modal similarity (Liu et al., 2020a). 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.
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Figure 3.2: Deep learning-based design process with humans in the loop

one design modality and translates it to another modality, e.g., from natural language
or sketches to 3D shapes, as shown in Figure 3.2. In DLCMT, there are cross-modal
retrieval, generation, and manipulation methods. Cross-modal retrieval methods can
be used to search an existing design repository for inspiring design ideas. Cross-
modal generation methods can be used to explore a design space to generate new
design concepts. Lastly, cross-modal manipulation 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 Integration steps (Figure
3.1), respectively. In this paper, we conducted a systematic review of the state-of-
the-art methods for DLCMT. Through a close examination of the existing literature,
our objective is to identify the DLCMT methods and technologies that can be used
to facilitate the conceptual design and the challenges associated with applying them.

A total of 50 recently published journal articles and conference papers are
identified and closely reviewed from the fields of computer graphics, computer vision,
and engineering design. We focus on the text, sketches, and 3D shapes because they
are the main design modalities in conceptual design. Specifically, we reviewed deep
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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 problems and, particularly, to bridge human input and in-
teractions with deep learning methods in the conceptual design of engineered product
shapes.

The remainder of this paper is organized as follows. Section 3.2 introduces
background knowledge on conceptual design, design modalities, and our motivation
for the review. Section 3.3 presents the methodology for our systematic review. We
tabulate all the reviewed articles and present four statistics from the literature in
Section 3.4. We then discuss the literature in detail and answer the research questions
of the systematic review in Section 3.5. In the end, we propose a list of six research
questions that will inform future research directions in Section 3.6 and conclude our
work with closing remarks in Section 3.7.

3.2 Background
3.2.1 Conceptual Design

Conceptual design lies in the early phase of a design process in which the
form and function of a product are explored (Otto and Wood, 2001). In conceptual
design, it is crucial to explore the design space as much as possible, and designers
are demanded to generate creative designs so that the products are likely to succeed
in the market (Yang, 2009; Hyun and Lee, 2018). As shown in Figure 3.1, we adapt
and reinterpret the five-step concept generation method in conceptual design (Ulrich,
2003). The five steps are Problem Clarification, Design Search, Design Creation,
Design Integration, and Reflection. Through these five steps, the method transfers
information, such as customer needs, engineering requirements, and design ideas, to
design concepts in the form of sketches and 3D shapes. The corresponding input
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Figure 3.3: Cross-modal tasks in conceptual design

and output of each step are represented by dotted rectangles. The process is linear
in sequence from left to right, but almost always iterative. For example, feedback
from Reflection could influence Problem Clarification and its subsequent 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 (Ulrich, 2003).

In the conceptual design phase, the shape of a product is one of the most
important considerations that are influential on the aesthetics of a product and its
engineering performance (Ulrich, 2003; Mountstephens and Teo, 2020). In this paper,
we focus primarily on reviewing 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, because they are the core steps for design concept
exploration.

3.2.1.1 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 bench-
marking, can be used to gather useful information (Ulrich, 2003). By analyzing those
existing products, designers can summarize their advantages and disadvantages, so
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that they can make necessary and customized changes to existing designs to create
satisfying ones. However, the repository of existing design options 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.

3.2.1.2 Design Creation

Design Creation emphasizes exploring novel design concepts. Designers brain-
storm ideas and explore the design space to create novel design concepts based on the
knowledge of designers (Ulrich, 2003). Design ideas are often presented as sketches
and text descriptions during conceptual design (Ahmed et al., 2018). Text descrip-
tions are used to document and describe designers’ ideas, while sketches can help
visualize design concepts, further triggering creative design ideas (Krish, 2011; Pratt
et al., 2005; Menezes and Lawson, 2006). Low-fidelity 3D models are then created for
better visualization and further development. However, creating 3D models involves
a lot of manual work and could be time-consuming. To facilitate the creation of novel
3D shapes, generative design methods can be used to automate the process.

3.2.1.3 Design Integration

The Design Integration is the step where designers aim to systematically inte-
grate the information collected from previous steps to generate the integrated design
concept(s) (Ulrich, 2003). 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 modify these designs computationally because their
representations 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
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Table 3.1: 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”

human inputs can significantly simplify the process.

3.2.2 Modalities in Conceptual Design

As shown in Figure 3.1, there are three main design modalities: natural lan-
guage (NL), sketches, and 3D shapes, in conceptual design. In an example of car
body design, as shown in Figure 3.3, the three modalities could be “I want a red
sedan car” (NL), hand-sketching a car with desired features (sketch), and then creat-
ing 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 doc-
umentation, such as documentation of customer needs and engineering requirements.
Sketches are often used to brainstorm design concepts because sketching can stim-
ulate designers’ creative imagination (Krish, 2011; Pratt et al., 2005; Menezes and
Lawson, 2006). Then, a 3D shape is often built to provide better visualization and a
low-fidelity prototype model for further evaluation and development of a concept.

NL data are often in the format of the text, which is usually the keyword in
DLCMT methods. As shown in Table 3.1, there are mainly three types of text used as
input in DLCMT, which are natural language descriptions (NLD), object names, and
semantic keywords. 2D sketches can be represented in multiple ways, such as a pixel
image 3 in static pixel space and vector image in dynamic stroke coordinate space (Xu

3Images 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 corresponding methods of
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et al., 2020; Ha and Eck, 2018). 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 represented 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 computational). Such a type of 3D sketch data can be
captured and generated using virtual reality (VR) tools or motion sensing devices.
They can also be created using 3D sketching software (e.g., SolidWorks or Autodesk).
3D shapes are typically built as B-rep models using CAD software in engineering
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 (Chen et al.,
2018; Fukamizu et al., 2019), (2) certain representations are not good at representing
geometric details and topological structure by nature (e.g., point clouds; see Table
3.2 for more information), (3) the conversion of one representation to another might
lose geometric or topological information (Nozawa et al., 2020, 2022).

3.2.3 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 design steps (e.g.,
Design Search, Design Creation, and Design Integration) in the conceptual design
stage, which involve information and data with different design modalities. Designers
conduct design activities with different modalities during the conceptual phase to

“image”.
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Figure 3.4: 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

best explore the design space and generate novel ideas (Wendrich, 2018; Song et al.,
2022).

Deep learning methods that can be used for Design Creation have been the
focus (Regenwetter et al., 2022), but most of them are focused on handling a single
design modality as pointed out by (Song et al., 2020; Li et al., 2022b). Typically, these
methods use unimodal data of designs either in 2D (Chen et al., 2020; Oh et al., 2019;
Dering et al., 2018) or 3D (Shu et al., 2020; Zhang et al., 2019; Li et al., 2021c; Brock
et al., 2016). In addition, there is a lack of either unimodal or cross-modal methods
that are useful for Design Search and Design Integration (Li et al., 2022b).

But not until recently, we see studies in the engineering community utilizing
DLCMT to assist concept creation or design evaluation (Qin et al., 2022; Li et al.,
2022c; Song et al., 2020). DLCMT methods take into account multiple design modal-
ities, such as texts and sketches. There are retrieval, generation, and manipulation
methods for DLCMT and they can be applied to different steps in conceptual design:
(1) DLCMT retrieval methods can be used for Design Search since they can search
existing data and return designs that best match the query of users (e.g., returning
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several chairs given a query by sketch) (Qi et al., 2021); (2) Generation methods (e.g.,
sketch-to-3D shape generation methods (Li et al., 2022c; Lun et al., 2017)) can be
used to automate the Design Creation process; (3) Manipulation methods can allow
designers to modify the designs from another design modality. For example, using a
text-to-3D manipulation method (Michel et al., 2022), designers can modify a 3D de-
sign by providing a simple text description 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 product in the market. There are three main
aspects (i.e., design novelty, contextual information, and human-computer interac-
tion) that should be addressed for design creativity in the context of deep learning-
based design processes.

• 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 inter-
polation within the boundary of the training data. Therefore, the new designs
generated from the deep learning-based design process share great similarities
with the existing ones used as training data. To improve design creativity, 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 (Elgammal et al., 2017; Chen and Ahmed,
2021). These methods pose new opportunities for design because they can gen-
erate truly novel designs.

• Contextual information. On the other hand, humans have played an essen-
tial role in design creativity. However, despite advances in the development of
network architecture, one observation is that human input and interaction are
not much emphasized in the deep learning-based design process (Regenwetter
et al., 2022). Burnap et al. (Burnap et al., 2016) pointed out that a human’s
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perception of the quality of the design concepts generated is often not in agree-
ment with their numerical performance measures. The reason could be that in
most deep learning-aided design processes, designers can only passively select
the preferred design concepts from a set of computer-generated design options,
but human designers may have contextual information (Judd and Steenkiste,
2003) on a design problem which is hard to be captured by the training data.

• Human-computer interaction. As a result, there is a need to actively involve de-
signers in a deep learning-based design process (Mountstephens and Teo, 2020;
Regenwetter et al., 2022). Some efforts in this regard have recently been made
in engineered product design. For example, the method introduced by (Valdez
et al., 2021) 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 in-
put in conceptual design, and DLCMT methods can intake these human inputs
and transfer their modalities from one to another to promote creativity. That
is manifested in the envisioned deep generative design process with humans
in the loop, as shown in Figure 3.2. In such a process, designers can continu-
ously 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 3.4. Design
application 1: DLCMT methods can be used to facilitate design democratization,
allowing ordinary people to customize designs based on individual preferences (Starly
et al., 2019). 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 (Sanghi et al.,
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2022). 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 physically interact with the digital
environment (Giunchi et al., 2021). The DLCMT methods can be integrated into
immersive design applications 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 de-
sign and beyond. We conduct a close examination of the existing literature aiming
to identify the existing DLCMT methods and technologies that can be used for con-
ceptual 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.

3.3 Methodology

This study adopts a systematic literature review approach (Khan et al., 2003)
with the procedure of formulating research questions for a review, identifying rel-
evant studies, evaluating the quality of the studies, summarizing the studies, and
interpreting the findings.

3.3.1 Research Questions

We are motivated to ask two research questions (RQs).

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

(1) Design Search

(2) Design Creation
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(3) Design Integration

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

3.3.2 Literature Search

3.3.2.1 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 (highlighted
in Figure 3.1). (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 generation”, “text-to-shape retrieval”, “text-to-
shape generation”, “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 Design Search which corresponds to retrieval
methods, Design Creation which corresponds to generation methods, and Design
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Figure 3.5: Literature search process

Integration which corresponds to manipulation methods 4 . In addition, for the sketch-
to-3D shape retrieval or generation methods, we made some modifications to the
keywords according to the naming convention in the literature (see a comprehensive
review on deep learning methods for free-hand sketch (Xu et al., 2020)). For example,
we used “sketch-based 3D shape retrieval” instead of “sketch-to-3D shape retrieval”
and the other three common terms introduced previously.

3.3.2.2 Literature Search Process

As shown in Figure 3.5, we finally selected 50 articles that meet our scope
of review. Searches were conducted on the main databases of the literature (i.e.,

4We did not explicitly search for cross-modal manipulation methods because these methods can-
not 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 (Michel
et al., 2022), using 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 manipulation methods by developing a different search strategy in the future.
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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 studies published in the past 10 years). The reason for choosing
that time range is that many significant improvements in deep learning methods
occurred after 2013, for example, variational autoencoders (VAEs, 2013) (Kingma
and Welling, 2013) and generative adversarial networks (GANs, 2014) (Goodfellow
et al., 2014). 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, including 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 categories (i.e., text-
to-sketch retrieval: 0; text-to-sketch generation: 3; text-to-3D shape retrieval: 10; and
text-to-3D shape generation: 24) (see details in Table A.1 in Appendix A). To make
the review manageable, for the two categories of sketch-to-3D works, we decided to
identify the most influential studies from those 1,304 papers using Connected Papers
5. We found that (Wang et al., 2015) and (Lun et al., 2017) are pioneering work
for deep learning-based sketch-to-3D shape retrieval and generation, respectively (Li
et al., 2022b). Therefore, they were used as the origin papers to find their most
relevant work via Connected Papers (see Figure A.1 in Appendix A for the two
generated graphs). The search by Connected Papers identified 21 articles including
(Wang et al., 2015) and (Lun et al., 2017) that meet our content scope.

Another finding was that the publication year of the articles in the two liter-
ature graphs turned out to be up to 2020, which could indicate that relevant articles
published after 2020 have not gained enough attention to be considered influential 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

5Access link: https://www.connectedpapers.com/. Connected Papers allow readers to enter
an origin paper and can generate a graph of papers with the strongest connections to the origin
paper by analyzing about 50,000 research papers.
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range from January 2021 to June 2022 in Google Scholar only, because we found
that Google Scholar is more inclusive 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 A.1 in Appendix A). 138 articles were found in
this search process. In total, 196 papers were found to merit close examination and
review.

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

3.4 Summary Statistics of The Literature

We summarized all 50 articles in terms of the following 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 A.2 of Appendix A 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 introduce the others in detail in Section 3.5.

We did not find any work related to text-to-sketch retrieval, possibly due to
the lack of interest in practical applications. 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 retrieval, 18 articles for sketch-to-3D
generation, and 5 articles for cross-modal design manipulation. Among these works,
(Chen et al., 2018) can work for text-to-3D shape retrieval and generation; (Liu et al.,
2022) can perform text-to-3D shape generation and manipulation; (Jin et al., 2020;
Guillard et al., 2021) are shown to be capable of sketch-to-3D shape generation and

63



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 ma-
nipulation, but we observe a recent surging interest in these topics especially text-
related ones, possibly due to advances in natural language processing (e.g., Con-
trastive Language-Image Pre-Training (CLIP) (Radford et al., 2021)) since our pre-
liminary literature review (Li et al., 2022b).

There are 13 studies (Huang and Canny, 2019; Huang et al., 2020a; Li et al.,
2021a; Qin et al., 2022; Guillard et al., 2021; Li et al., 2018; Delanoy et al., 2018; Han
et al., 2017; Du et al., 2021; Luo et al., 2021; Wang et al., 2022a; Giunchi et al., 2021;
Stemasov et al., 2022) that provide user interfaces. The user interface application
serves as a way to show the effectiveness of the proposed deep learning approach,
which can also better facilitate human-AI interaction for creative designs. Especially,
(Giunchi et al., 2021; Stemasov et al., 2022) provide user interfaces in virtual reality
(VR) and augmented reality (AR) settings, respectively, which can further improve
the user experience of human-computer interaction in immersive design. Additionally,
12 studies (Yuan et al., 2021; Huang et al., 2020a; Huang and Canny, 2019; Giunchi
et al., 2021; Du et al., 2021; Luo et al., 2021; Li et al., 2018; Delanoy et al., 2018;
Lun et al., 2017; Han et al., 2017; Wang et al., 2022a; Michel et al., 2022) conducted
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 en-
gineering with only two papers (Li et al., 2022c; Qin et al., 2022) from the engineering
design community.
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Figure 3.6: Demonstration of (a) Text-to-3D shape retrieval: retrieving 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
(Chang et al., 2015).

3.5 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 challenges and opportunities of applying such methods in the engineering
design field and discuss potential solutions to the challenges.

3.5.1 RQ 1-(1): What DLCMT methods can be used in Design Search of
conceptual design?

3.5.1.1 Text-to-3D Shape Retrieval

The history of text-to-3D shape retrieval methods can be traced back to Min
et al. 2004 (Min et al., 2004), 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 introduce below, it is a com-
mon strategy to learn a cross-modal representation for text and 3D shapes using
cross-modal representation learning techniques (see (Liu et al., 2020b)) for more in-
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formation. Figure 3.6 (a) demonstrates the process of a text-to-3D retrieval task. As
a pioneering and representative work for this task, Chen et al. (Chen et al., 2018)
first constructed a joint embedding of text and 3D shapes using an encoder composed
of a convolution neural network (CNN) and a recurrent neural network (RNN) on
text data and a 3D-CNN encoder on 3D voxel shapes. A triplet loss was applied and
learning-by-association (Haeusser et al., 2017) 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 (Chang et al., 2015) (chairs and tables only)
with a natural language 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 discriminative ability. Han et
al. (Han et al., 2019) built a Y 2Seq2Seq network architecture using a Gated Recur-
rent Unit (GRU, one variation of RNN) to encode features of multiple-view images to
represent the shape. To obtain the joint embedding of text and sketches, they trained
the network using both intermodality and intramodality reconstruction losses, in ad-
dition to the triplet loss and classification loss. Therefore, the proposed network could
learn more discriminative representations than (Chen et al., 2018).

3.5.1.2 Sketch-to-3D shape Retrieval

Sketch-to-3D shape retrieval has been extensively studied using non-deep learn-
ing methods (Li et al., 2014a). These methods usually consist of three steps: 1)
automatically select multiple 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 pre-
defined features. However, the selection of best viewpoints, as well as the design of
predefined matching features, could be subjective and random, which motivates the
development of deep learning-based methods that can avoid the subjective selection
of views and learn features from the data of sketches and 3D shapes (Wang et al.,
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Figure 3.7: Sketch-to-3D shape retrieval method by Wang et al. (Wang et al., 2015).
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) (Shilane
et al., 2004). The figure is used with permission.

2015). In light of the scope of this review, we focus on deep learning methods for
sketch-to-3D shape retrieval.

Wang et al. (Wang et al., 2015) initialized the effort and proposed to learn
feature representations for sketch-to-3D shape retrieval as shown in Figure 3.7, which
avoided computing multiple views of a 3D model. They applied two Siamese CNNs
(Chopra et al., 2005) 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. (Zhu
et al., 2016) 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 feature. Dai et al. (Dai et al., 2018, 2017) proposed a novel
deep correlated holistic metric learning method with two distinct neural networks
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 discrim-
inative loss and correlation loss was used to increase the discrimination of features
within each domain and the correlation between domains. Chen et al. (Chen and
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Fang, 2018) developed a GAN-based deep adaptation model to transform sketch fea-
tures into 3D shape features, of which correlations can be enhanced by minimizing
the mean discrepancy between modes. Xia et al. (Xia et al., 2021) proposed a novel
semantic similarity metric learning method based on a “teacher-student” strategy by
using a teacher network to guide the training of the student network. The teacher
network was trained to extract the semantic 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. (Yang et al., 2022) applied a sequential learn-
ing strategy to learn 3D shape features without 2D sketches first and then used the
learned features of 3D shapes to guide the learning of sketch features. During the
query process, they further integrated clustering algorithms to categorize subclasses
in a shape class to improve retrieval accuracy. In the methods mentioned above,
deep metric learning (Kaya and Bilge, 2019) was applied to mitigate the modality
discrepancy between the sketch and the 3D shape.

There are also methods that study how to represent 3D shapes more com-
prehensively so that 3D shapes can better correspond to sketches. Xie et al. (Xie
et al., 2017) 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 barycenters of 3D shapes to a common deep
feature space. Then a discriminative loss was formulated to learn the deep features.
The deep features learned could then be used for the sketch-to-3D shape retrieval.
Chen et al. (Chen et al., 2019) proposed a novel stochastic sampling method to ran-
domly sample rendering views of the sphere around a 3D shape and incorporated an
attention network (see (Niu et al., 2021) for a comprehensive review) 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 difference between 2D
sketches and 3D shapes is to deal with noise in the sketch data. Liang et al. (Liang
et al., 2021) pioneered this direction by developing a method called noise-resistant
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sketch feature learning with uncertainty, which achieved the new state-of-the-art for
sketch-based 3D shape retrieval. Liu et al. (Liu and Zhao, 2021) 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) (Shi-
lane et al., 2004), SHREC13 (Li et al., 2013), and SHREC14 (Li et al., 2014b). The
multiview CNN (MVCNN) (Su et al., 2015) has been widely used in all these methods
to generate features from projection images of 3D shapes. Different from these meth-
ods aiming to retrieve objects by coarse category-level retrieval of 3D shapes given
an input sketch, Qi et al. (Qi et al., 2021) introduced a novel task of fine-grained
instance-level sketch-to-3D shape retrieval, with the aim of retrieving 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 (Chang et al., 2015). 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 correspondences between design sketches, Navarro et al. (Navarro et al., 2021)
proposed a synthetic line drawing dataset rendered from 3D shapes from ShapeNet
(Chang et al., 2015). The authors obtained a learned descriptor, namely Sketch-
Zoom descriptor, for dense registration in line drawings and showed its promising
application in sketch-3D shape retrieval by identifying local correspondences between
sketches.

There is also interest in using CAD data in 3D shape retrieval. Qin et al.
(Qin et al., 2022) 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 companies and obtained their six-
view projections as sketch data. Manda et al. (Manda et al., 2021) developed a
new sketch-3D CAD model dataset, CADSketchNet, from the Engineering Shape
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Benchmark (ESB) (Jayanti et al., 2006) and Mechanical Components Benchmark
(MCB) (Kim et al., 2020) 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. (Ye et al., 2016)
presented a CNN-based 3D sketch-based shape retrieval (CNN-SBR) architecture
based on 3D sketch (Type II) data obtained from SketchANet (Yang and Hospedales,
2015). Using data augmentation to prevent overfitting, they achieved a significant
improvement compared to other learning-based methods. Building on previous work
(Ye et al., 2016; Li et al., 2016), Li et al. (Li et al., 2021a) proposed a novel interac-
tive application 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 pro-
posed 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 input has been further
applied to virtual reality (VR) and augmented reality (AR) settings to facilitate the
immersive design. Building on the method proposed in (Giunchi et al., 2018), Giunchi
et al. (Giunchi et al., 2021) designed a multimodal interface for 3D model retrieval
in VR with both sketch and voice input. The authors implemented a consistent
translation method between queries of 3D sketch and voice, allowing their integration
during a single search session. Similarly, ShapeFindAR (Stemasov et al., 2022) com-
bined 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 framework for
the Python programming language.
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3.5.2 RQ 1-(2): What DLCMT methods can be used in Design Creation
of conceptual design?

3.5.2.1 Text-to-3D Shape Generation

The task of text-to-3D shape generation is illustrated by Figure 3.6 (b). To
accomplish this task, Jahan et al. (Jahan et al., 2021) proposed a semantic label-
guided shape generation approach, which can take one-hot semantic keywords as input
and generate 3D voxel shapes without color and texture. The proposed method was
trained using chairs, tables, and lamps obtained from the Co-Segmentation (COSEG)
dataset (Wang et al., 2012) and ModelNet (Wu et al., 2015b). Based on their work
on text-to-3D shape retrieval task using a joint embedding of text and 3D shape,
Chen et al. (Chen et al., 2018) further combined the joint embedding model with
a conditional Wasserstein GAN (WGAN) framework (Arjovsky et al., 2017), which
enables the generation of colored voxel shapes in low resolution. To improve the
surface quality of the generated 3D shapes, several studies have been conducted using
the proposed 3D-text cross-modal dataset by Chen et al. (Chen et al., 2018). Li et
al. (Li et al., 2020a) proposed to use class labels to guide the generation of 3D voxel
shapes with the assumption that shapes with different labels (e.g., chairs and tables)
have different characteristics. They added an independent classifier to the WGAN
framework (Arjovsky et al., 2017) 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 further improve the quality of 3D shapes generated with
color and shape, Liu et al. (Liu et al., 2022) leveraged implicit occupancy (Mescheder
et al., 2019) as the 3D representation and proposed a word-level spatial transformer
(Vaswani et al., 2017) 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 generation of 3D shapes in
individual categories (e.g., the chair category or the table category). The gener-
alizability (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 de-
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Figure 3.8: Demonstration of text-to-sketch generation, which can generate sketches
that correspond to users’ natural language descriptions (NLD).

scriptions. To improve generalizability, some researchers have tried to utilize some
pre-trained models (e.g., Contrastive Language-Image Pre-Training (CLIP) (Radford
et al., 2021)) and zero-shot learning techniques (Xian et al., 2018). Sanghi et al.
(Sanghi et al., 2022) proposed a method called CLIP-forge, which could generate 3D
voxel shapes from text descriptions for ShapeNet (Chang et al., 2015) objects. It
required training data (i.e., rendered images, voxel shapes, query points, and occu-
pancy) obtained from 3D shapes without text labels. They first learned an encoding
vector of a 3D geometry and then a normalizing flow model (Dinh et al., 2016) of that
encoding vector conditioned on a CLIP (Radford et al., 2021) feature embedding.

CLIP-Forge has good generalizability to ShapeNet (Chang et al., 2015) cate-
gories. To further improve the generalizability to classes outside common 3D shape
datasets (e.g., ShapeNet (Chang et al., 2015) and ModelNet (Wu et al., 2015b)), Jain
et al. (Jain et al., 2022) combined Neural Radiance Field (NeRF) (Mildenhall et al.,
2020) with an image-text loss from CLIP (Radford et al., 2021) to form Dream Fields.
A Dream Field is a neural 3D representation 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.

3.5.2.2 Text-to-Sketch Generation

Sketches can inspire design ideas (Krish, 2011; Pratt et al., 2005; Menezes
and Lawson, 2006), and text-to-sketch tools could help designers efficiently capture
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fleeting design inspirations. The generation of images from text descriptions (i.e.,
text-to-image synthesis/generation) has seen great progress recently (Frolov et al.,
2021). Unlike text-to-image generation, text-to-sketch synthesis is more challenging
and can only rely on rigid edge/stroke information without color features (i.e., pixel
values) in an image (Yuan et al., 2021).

Text2Sketch (Wang et al., 2018b) applied a Stagewise-GAN (i.e., generative
adversarial network) to encode human face attributes identified from text descriptions
and transforms those attributes into sketches, which were trained on a manually
annotated 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 inspiring and could be applied to the design domain if a different dataset is
used. Yuan et al. (Yuan et al., 2021) constructed a bird sketch dataset by modifying
the Caltech-UCSD Birds (CUB) dataset (Wah et al., 2011), based on which they
trained a novel GAN-based model, called T2SGAN. The model featured a Conditional
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 synthe-
sis, and there are also methods for multi-object generation, which could be useful for
generating designs part by part. An example of such methods is shown in Figure 3.8.
Huang et al. (Huang and Canny, 2019) 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 (Ha and
Eck, 2018) based object sketcher to generate individual object sketches. The scene
composer and the object sketcher were trained using the Visual Genome dataset (Kr-
ishna et al., 2017) and the “Quick, Draw!” dataset (Jongejan et al., 2016), 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 (Huang and Canny, 2019), Huang et al. (Huang et al., 2020a) took a further
step and proposed an interactive sketch generation system called Scones. It used a
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Figure 3.9: Sketch-to-3D shape generation method by Li et al. (Li et al., 2022c). The
first row shows the input 2D silhouette sketches, and the corresponding predicted 3D
mesh shapes are shown in the second row.

Composition Proposer to propose a scene-level composition layout of objects and an
Object Generator to generate individual object sketches.

3.5.2.3 Sketch-to-3D Shape Generation

There are mainly two paradigms for 3D shape reconstruction from 2D sketches:
the geometric-based method and the learning-based method. Sketch-based interfaces
for modeling are a major branch of geometric-based methods (Olsen et al., 2009) 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
models to guide 3D reconstruction, such as the methods presented in (Nishida et al.,
2016; Han et al., 2017). We focus on reviewing deep learning-based methods without
using predefined geometric models that require the design of rules.

Deep learning-based sketch-to-3D shape generation without any predefined ge-
ometric models was initialized by Lun et al. (Lun et al., 2017). They proposed an
encoder-multiview-decoder architecture that can extract multiview depth and nor-
mal 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
better visualization. 2.5D visual surface geometry (e.g., depth and normal maps) is
a representation that can make a 2D image appear to have 3D qualities (He et al.,
2021b; Su et al., 2018). Similarly to (Lun et al., 2017), many works use the strategy
of predicting 2.5D information first to guide the generation of 3D shapes. Nozawa et
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al. (Nozawa et al., 2020) extracted depth and mask information from a single input
sketch by an encoder-decoder network. Then, a lazy learning (Aha, 2013) method was
performed to find similar samples in the dataset to synthesize a 3D shape represented
by point clouds. Later, Nozawa et al. (Nozawa et al., 2022) extended (Nozawa et al.,
2020) by changing the architecture with a combination of GAN and lazy learning.

To improve the surface quality of the shapes resulting from their previous
work (Delanoy et al., 2018), Delanoy et al. (Delanoy et al., 2019) proposed to first
predict one normal map per input 3D sketch (Type I). Then they fused all normal
maps predicted from multiview sketches to the predicted 3D voxel shape to optimize
the resulting surface mesh. Li et al. (Li et al., 2018) introduced an intermediate
CNN layer to model the direction of dense curvature and used an additional output
confidence map along with the depth and normal maps extracted using CNNs to gen-
erate 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 representa-
tion, Yang et al. (Yang et al., 2021) proposed a skeleton-aware modeling network to
generate 3D human body models using skeletons as the intermediate representation.
The network can first interpret sparse joints from input sketches and then predict
the Skinned Multi-Person Linear model (Pavlakos et al., 2019) parameters based on
joint-wise features. Although this work focuses on the generation of human bodies,
the proposed network can inspire design researchers to consider predicting important
feature points to guide the generation of 3D shapes. Li et al. (Li et al., 2022c)
proposed a predictive and generative target-embedding variational autoencoder and
demonstrated its effectiveness by solving a sketch-to-3D shape generation problem.
The authors used a 3D extrusion shape obtained by extruding a 2D silhouette sketch
as an intermediate representation, which transferred the problem to a 3D-3D pre-
diction problem. The approach can predict a high-quality 3D mesh shape from a
silhouette sketch without inner contour lines, as shown in Figure 3.9. In addition to
the prediction function, the proposed approach can also generate numerous novel 3D
mesh shapes using its generative function.
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The efforts of providing an easy-to-use sketching system can be beneficial to
novice users for customized design. Delanoy et al. (Delanoy et al., 2018) proposed
an interactive sketch-to-3D generations system. They used a CNN to transform 3D
sketches (Type I) to 3D voxel shapes, and another CNN as an updater to update
the predicted 3D shape while users are providing more sketches. The voxel shapes
can then be transferred 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 applied by some interaction systems. For example, Han et al. (Han et al.,
2017) proposed a novel sketching system to generate 3D mesh human faces and car-
icatures using a CNN-based deep regression network. The method was trained on
a newly proposed dataset extended from FaceWarehouse (Cao et al., 2013). Du et
al. (Du et al., 2021) 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 (Mescheder et al., 2019) as the 3D rep-
resentation which can be transferred to a 3D mesh shape with detailed geometry.
Similarly, Wang et al. (Wang et al., 2021) 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 multifarious sketches. These sketches are then taken as input
to an encoder-multiview-decoder network similar to (Lun et al., 2017) to generate a
3D point cloud shape. Luo et al. (Luo et al., 2021) 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. (Guillard et al., 2021) introduced an
interactive system to reconstruct and edit 3D shapes using implicit field representa-
tion, DeepSDF (Park et al., 2019) format, from 2D sketches using an encoder-decoder
architecture, which can output mesh shapes.

The aforementioned methods are usually trained using one individual category
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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. (Jin et al.,
2020) proposed a novel network consisting of a VAE (i.e., variational 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 generalizability and
can be used to predict 3D voxel shapes based on 2D occluding contours. Zhang et al.
(Zhang et al., 2021) are the first to generate 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 viewpoints. The method can improve
generation quality and bring controllability to output shapes by explicitly adjusting
viewpoints, which can be well generalized to out-of-distribution data.

The methods introduced above have to be trained using supervised learning,
which means that the training data must be pairs of sketches and 3D shapes (i.e.,
labeled data). Wang et al. (Wang et al., 2018a) proposed an unsupervised learning
method for sketch-to-3D shape reconstruction. They embedded unpaired 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
generation.

In addition to the usage of popular 3D shape representations (e.g., point
clouds, voxels, meshes, and implicit representation) in sketch-to-3D shape genera-
tion, new 3D representations are gaining more and more attention in this field. For
example, Smirnov et al. (Smirnov et al., 2020, 2019) proposed a novel deformable
parametric template composed of Coon patches that can naturally fit into a conven-
tional CAD modeling pipeline. The resulting 3D shapes can be easily converted to
NURBS representation, allowing edits in CAD software.
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Figure 3.10: Text-to-3D shape manipulation method, Text2Mesh by Michel et al.
(Michel et al., 2022). 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 permission.

3.5.3 RQ 1-(3): What DLCMT methods can be used in Design Integra-
tion of conceptual design?

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

The sketch-to-3D shape generation method introduced by Jin et al. (Jin et al.,
2020) 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 (Wang et al., 2022a) was proposed based on CLIP (Radford et al., 2021),
which has a disentangled conditional NeRF (Mildenhall et al., 2020) architecture by
introducing a shape code to deform the 3D volumetric field and an appearance code
to control the colors. 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
(Liu et al., 2022) 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 differ-
entiable renderer has been applied. Sketch2Mesh (Guillard et al., 2021) introduced
in Section 3.5.2.3 can also perform shape editing due to the integrated differentiable
renderer. Using the representation power of CLIP (Radford et al., 2021), Michel et
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al. (Michel et al., 2022) proposed Text2Mesh (see Figure 3.10) to manipulate a given
3D mesh shape by predicting color and local geometric details that conform to the
description of the target text.

There have been a series of DLCMT methods that can be applied to prod-
uct shape design in different design steps of conceptual design. As a summary of
the review, DLCMT methods indeed provide opportunities to address the two major
challenges as discussed in Section 3.2 because they can (1) take various design modal-
ities as input and provide methods catering to Design Search, Design Creation, and
Design Integration, and (2) improve design creativity by actively involving human in-
put (Huang and Canny, 2019; Huang et al., 2020a; Du et al., 2021; Luo et al., 2021).
Taking advantage of these opportunities and implementing the appropriate DLCMT
methods in conceptual design can therefore accelerate the search and iteration of de-
sign concepts (e.g. (Chen et al., 2018; Wang et al., 2015; Giunchi et al., 2021)) and
the modification of designs (e.g., (Michel et al., 2022; Jin et al., 2020; Sanghi et al.,
2022; Han et al., 2017)). We also observe that DLCMT methods could be particularly
useful in design applications, such as design democratization, design education, and
immersive design (e.g., (Giunchi et al., 2021; Stemasov et al., 2022; Ye et al., 2016;
Wang et al., 2015; Chen et al., 2018)).

3.5.4 RQ 2: What are the Challenges in Applying DLCMT to Conceptual
Design and How Can They be Addressed?

Examination of the literature has helped us identify several challenges in ap-
plying DLCMT methods to conceptual design. DLCMT has been focusing on shape
synthesis, which can be applied in product shape design, as discussed above. However,
Regenwetter et al. (Regenwetter et al., 2022) state that 3D synthesis 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
(Regenwetter et al., 2022) that the overlap between shape synthesis and engineering
design is insignificant in light of the importance of shape design, we must admit that
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product shape is not the only focus in conceptual design. Other factors, such as
engineering performance, system design features, and manufacturability, 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 applying DLCMT methods
to engineering design from four aspects, including the lack of cross-modal datasets
that incorporate engineering performance and manufacturability, complex systems
design using DLCMT, 3D representations in DLCMT, and the generalizability of
DLCMT methods.

3.5.4.1 The Lack of Cross-Modal Datasets that Incorporate Engineering
Performance and Manufacturability

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 practical data (Regenwetter et al., 2022), 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 (Chang et al., 2015; Wu et al., 2015b; Li et al., 2013; Chen et al., 2018), are
available to researchers to compare their methods with state-of-the-art methods. For
example, 16 articles (e.g., (Chen et al., 2018; Qi et al., 2021; Navarro et al., 2021;
Guillard et al., 2021; Zhang et al., 2021)) use ShapeNet (Chang et al., 2015) 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 objects 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 consumption”. An SUV car shape could be easily generated, but we would
not know whether the drag coefficients of the generated designs meet the requirement
or not. We might ask the following question: How could a computer understand that
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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
research direction.

Similarly, it is also worth exploring how other downstream engineering re-
quirements and constraints (e.g., manufacturability) can be counted when applying
DLCMT to engineering design. We have not found any DLCMT methods that take
into account engineering performance and manufacturability. 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 availability of large cross-modal datasets with engineering performance and man-
ufacturability information could greatly ease the verification and validation of existing
methods for DLCMT and promote the development of new DLCMT methods for the
design of engineered products.

3.5.4.2 Complex Systems Design Using DLCMT

A few DLCMT studies ((Huang and Canny, 2019; Huang et al., 2020a; Du
et al., 2021)) aim to generate designs part by part considering the structural relation-
ship among components, which can be potentially applied to the design of systems.
But this leaves a large space for engineering design researchers to investigate in the
future. The challenges of addressing systems design using DLCMT mainly stem from
the structural complexity of an engineered product, 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 generally two ways to support the conceptual design of a product at the
system level when applying DLCMT methods. In the first method, each component
of the product is generated separately using DLCMT, and then the components are
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assembled either automatically using rules-based computer algorithms or manually
(Huang and Canny, 2019; Huang et al., 2020a). The second method is often referred
to as part-aware generative design (Li et al., 2021c; Gao et al., 2019c; Mo et al.,
2019b). The objective of using DLCMT methods for part-aware design 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 addition, part-aware
generative design methods better capture the geometric details of 3D shapes (Gao
et al., 2019c; Mo et al., 2019b). For example, 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 influence the engineering perfor-
mance (for example, aerodynamic drag) of a design.

As mentioned above, there are a few studies, i.e., text-to-sketch generation
(Huang and Canny, 2019; Huang et al., 2020a) and sketch-to-3D (Du et al., 2021)
methods 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 engineering design community (Chen and Fuge, 2019; Li et al., 2021c) for
part-aware design. However, how to enable part-aware design in DLCMT remains
underexplored and is an important research direction.

3.5.4.3 3D Representations in DLCMT

Designs can be factored using different representations for storage, computa-
tion, and presentation. For example, 3D representation matters both visual quality
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Table 3.2: Comparison of pros and cons of the three representations to deep learning
methods

and computational cost when implementing DLCMT, and the choice between them is
often a difficult decision. Furthermore, in engineering 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 representation in both aspects.

3D shapes with high visual quality and rich geometric details can help designers
better understand a design concept. Voxels, point clouds, and meshes are the most
commonly 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 learning research. The
majority of the DLCMT methods (e.g., (Chen et al., 2018; Han et al., 2019; Arjovsky
et al., 2017; Li et al., 2020a; Sanghi et al., 2022; Delanoy et al., 2018; Wang et al.,
2018a)) uses voxels for 3D shape representation. Voxel shapes are usually needed
to be converted to mesh shapes for better visualization. However, the transformed
mesh shapes will look coarse if the resolution of the voxel shapes is low. This could
negatively influence the subjective evaluation of the shape of a design concept, and
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the design concept might be overlooked by designers. An intuitive 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. (Fukamizu et al., 2019) 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
(Qi et al., 2017; Lun et al., 2017; Nozawa et al., 2020, 2022) are more efficient in
representing 3D objects, 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 (Li et al., 2018; Han
et al., 2017; Zhang et al., 2021; Yang, 2003) for 3D representation 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 discrete face
structures and unordered elements. Furthermore, the topology of 3D shapes cannot
be easily handled using meshes. Implicit representation of 3D shapes (Guillard et al.,
2021; Park et al., 2019; Du et al., 2021; Luo et al., 2021) represents the surface of a
shape by a continuous volumetric 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 requires less data storage, which is a promising
representation for high-resolution 3D shapes. See Table 3.2 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 repre-
sentations that are promising for handling the trade-off between the effectiveness of
training neural networks and the quality of the resulting 3D shapes. Neural Radi-
ance Field (NeRF) (Mildenhall et al., 2020; Jain et al., 2022; Wang et al., 2022a) is
a method for generating novel views of scenes or objects. It can take a set of input
images of an object and render the complete object by interpolating between the
images. NeRF (Mildenhall et al., 2020) is also topology-free and can be sampled at
high spatial resolutions. However, 3D shapes represented by NeRF are “hidden in
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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 soft-
ware. This often brings about compatibility issues that could impede downstream
editing and engineering analyses of the generated 3D shapes. To solve these prob-
lems, there are typically 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 learning models. Deep learning of unimodal CAD
data is still an underexplored field, although some methods (Wu et al., 2021; Para
et al., 2021; Ganin et al., 2021; Willis et al., 2021a; Jayaraman et al., 2021) and CAD
datasets (Koch et al., 2019; Seff et al., 2020; Gryaditskaya et al., 2019; Regenwet-
ter et al., 2021) have recently been introduced. DLCMT directly using CAD data
(Smirnov et al., 2020) can be even more challenging due to the domain gap between
design modalities and turns out to be a promising research direction.

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

3.5.4.4 Generalizability of DLCMT Methods

Finally, we noticed that efforts have been made to make the DLCMT meth-
ods more generalizable, independent of the variation between design objects (e.g.,
(Jin et al., 2020; Michel et al., 2022)). There are advantages and disadvantages to
generalizing the methods. On the one hand, the diversity in different methods helps
address the unique nature of different design problems, so a generalized approach may
not be optimal for solving a specific design problem. On the other hand, generaliz-
ability allows a method to apply to a wider range of design problems. We focus on
discussing the advantages here since we observe trending efforts (e.g., (Sanghi et al.,
2022; Jain et al., 2022)) aiming to improve the generalizability of DLCMT methods
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in the review. It is challenging for deep learning methods to be generalized across
multiple design problems (Regenwetter et al., 2022). 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 train-
ing data and the special treatment designed in the neural network architecture 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 methods that involve multiple
different modalities.

Some methods (Sanghi et al., 2022; Jain et al., 2022) utilize transfer learning
techniques (e.g., zero-shot learning) and pre-trained models (e.g., CLIP (Radford
et al., 2021)) or specially designed neural network architectures (e.g., unsupervised
learning methods (Wang et al., 2021)) 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
repositories, define benchmark problems, and develop testing standards.

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

3.6 Research Questions for Future Design Research

We notice that the opportunities and challenges identified previously are highly
related to several trending topics in the engineering design community. In this sec-
tion, we propose six research questions (RQs) that relate DLCMT to these trending
topics: RQ (1) → design representations (Fuge, 2022); RQ (2) → generalizability
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and transferability of deep learning-based design methods (Song et al., 2022); RQ
(3) → decision-making in AI-enabled design process (Li et al., 2021b); RQ (4) and
(5) → human-AI collaboration (Song et al., 2020); RQ (6) → design creativity in
deep learning-based design process (Elgammal et al., 2017). These RQs also point to
potential research directions (see Section 3.7 for detail) where DLCMT can lead to.
We hope these RQs can arouse a wide range of discussion and call for more efforts
within the engineering design community to develop and apply DLCMT methods to
address the challenges associated with conceptual design and beyond.

(1) What are the guidelines for selecting the most appropriate design representa-
tions in DLCMT?

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

(3) Since DLCMT methods can shorten the cycle of generating designs and even
connect to the downstream engineering analyses and manufacturing require-
ments, 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’ creativity 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 bringing humans in the loop
when using DLCMT methods for product shapes generation, these methods
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could suffer from the limitation of data interpolation inherently rooted in data-
driven design methods. Fundamental questions, such as what new mechanisms
and neural network architectures can be built to enable the algorithm to ex-
trapolate beyond the training data, thus more effectively augmenting designers’
creativity, shall be further explored in the future.

3.7 Closing Remarks

In this paper, we conducted a systematic review of the methods for deep learn-
ing 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 Cre-
ation, and Design Integration steps of conceptual design. Unlike other deep learning
methods applied in engineering design, DLCMT allows human input of texts and
sketches, which can explicitly reflect designers’ and/or users’ preferences. As design-
ers can be more actively involved in such a design process, human-computer interac-
tion and collaboration are promoted, thereby it has a great potential to improve the
conceptual design of products 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 facilitate the engineering design education and democ-
ratization of product development by allowing intuitive inputs (e.g., text descriptions
and sketches), and an immersive design environment 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, opportunities 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 perfor-
mance, manufacturability, and part-aware design, and the ability of generalization still
challenge the engineering design community to apply DLCMT to engineered product
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design. We would like to encourage attention and efforts from the engineering design
community.

There are a few limitations in the current literature review 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 captioning in the literature), could
also be of interest to the engineering 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 influential and the most recent publications.

In the future, we will continue the review and conduct a more comprehensive
analysis of the relevant works on DLCMT. Besides the review effort, we see the merit
of conducting 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 believe that the methods reviewed, the discussion of opportunities,
challenges, potential solutions, and future research directions of applying DLCMT to
conceptual product shape design can benefit the data-driven design research in the
engineering 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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Chapter 4: A Predictive and Generative Design
Approach for 3D Mesh Shapes Using

Target-Embedding Variational Autoencoder

Abstract
We present a predictive and generative design approach to support-

ing the conceptual design of product shapes in 3D meshes. We de-

velop a target-embedding variational autoencoder (TEVAE) neural

network architecture, which consists of two modules: 1) a training

module with two encoders and one decoder (E2D network); and 2)

an application module performing the generative design of new 3D

shapes and the prediction of a 3D shape from its silhouette. We

demonstrate the utility and effectiveness of the proposed approach

in the design of 3D car bodies and mugs. The results show that

our approach can generate a large number of novel 3D shapes and

successfully predict a 3D shape based on a single silhouette sketch.

The resulting 3D shapes are watertight polygon meshes with high-

quality surface details, which have better visualization than voxels

and point clouds and are ready for downstream engineering evalua-

tion (e.g., drag coefficient) and prototyping (e.g., 3D printing).
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4.1 Introduction
1 2 Sketching plays an essential role in sparking creative ideas to explore emerg-

ing design concepts (Pratt et al., 2005). For example, in car design, characteristic
contour lines are often used to represent silhouettes in supporting the conceptual
design of car body shapes (Reid et al., 2010; Gunpinar et al., 2019), which comple-
ments many other ideation approaches, such as freehand sketches, design analogies,
and prototypes. Compared to freehand sketches, silhouettes regularize the sketching
process and thereby make sketching easier and more manageable. This is particu-
larly useful for designers who lack professional sketching skills. However, silhouettes,
as a specific type of 2D sketch, are often ambiguous and lack geometric details. In
later design stages, such as embodiment design, a 3D computer-aided design (CAD)
model is often required to more accurately evaluate the engineering performance of a
design concept. 3D shapes can also provide better visualization and thus help design-
ers better understand the design, inspiring them to develop new shapes and refine
geometric details. Therefore, the question is: can we build a system to predict and
automatically generate 3D shapes just based on silhouettes?

Such a system will yield several benefits. First, it automates the 2D-to-3D
reconstruction process, thereby saving labor and time. Designers can allocate more
resources for better design iteration and ideation. Second, all silhouettes created
during the conceptual design stage can be evaluated against the desired engineering

1This chapter except for Section 4.5 has been published in the following paper in the Journal
of Mechanical Design. Li, X., Xie, C., and Sha, Z. (August 8, 2022). A Predictive and Generative
Design Approach for Three-Dimensional Mesh Shapes Using Target-Embedding Variational Autoen-
coder. ASME. J. Mech. Des. November 2022; 144(11): 114501. https://doi.org/10.1115/1.
4054906. I am the leading author of this paper and was primarily responsible for developing the
methodologies, conducting experiments, analyzing the results, and writing the manuscript.

2Section 4.5 of this chapter has been published as a case study in the following paper in the
International Journal of Human-Computer Interaction. Demirel, H. O., Goldstein, M. H., Li, X.,
& Sha, Z. (2023). Human-Centered Generative Design Framework: An Early Design Framework to
Support Concept Creation and Evaluation. International Journal of Human-Computer Interaction,
40(4), 933–944. https://doi.org/10.1080/10447318.2023.2171489. I am the co-author of this
paper and was primarily responsible for developing the methodologies, conducting experiments,
analyzing the results, and writing the manuscript for Sections 2.1, 4.1, and 5.1.
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performance in 3D form. So, designs that would have better performance will not be
ruled out too early when performance-driven decisions (i.e., rational decisions) are not
yet obtained. Third, ordinary people would not be discouraged from showing their
design ideas merely due to their lack of CAD experience or sketching skills. This may
have significant educational implications for training novice designers and facilitate
the democratization of design innovation. Lastly, enterprises may use this system to
enable user interface soliciting consumer preferences for design customization.

However, automatically reconstructing 3D shapes directly from 2D sketches
is a challenge because it is an ill-defined problem due to insufficient and imperfect
information from simple strokes (Schmidt et al., 2009). To tackle this challenge,
inspired by the target-embedding autoencoder (TEA) network (Jarrett and van der
Schaar, 2020; Girdhar et al., 2016), we propose a novel target-embedding variational
autoencoder (TEVAE) (see Fig. 4.1(a)). The TEVAE architecture consists of two
modules: 1) A training module with an E2D network that has two encoders and
one decoder. 2) An application module performing two functions: generative design
function, such as shape interpolation and random generation of new 3D shapes; and
predictive design function (i.e., 3D shape prediction from silhouette sketches). The
integration of generative and predictive functions is beneficial in that it makes the
structure of the neural network compact, thus saving training costs. To demonstrate
the utility and generalizability of the proposed approach, we apply it to two case
studies in the design of 3D car bodies and mugs.

The contributions of this paper are summarized below.

a). To the best of our knowledge, this is the first attempt to develop a system inte-
grating both predictive and generative functions of 3D mesh shapes from silhou-
ettes. The TEA has a classic autoencoder that can perform pseudo-generative
tasks, but essentially, is not a generative model. Our TEVAE applies variational
autoencoders (VAEs) and becomes a true generative model. It can also learn a
continuous and smooth latent representation of the data.
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b). Predicting 3D shapes from silhouettes is more challenging because a silhouette
sketch provides less information (e.g., depth and normal maps) than traditional
freehand sketches with inner contour lines. To that end, we introduce an in-
termediate step (e.g., extrusion or rotation) to first convert the silhouette to
a 3D primitive shape. This transforms the original 2D-to-3D problem into a
3D-to-3D problem, which promotes a stable training process and the generation
of reliable and viable 3D shapes.

c). Building upon a graph convolutional mesh VAE (Yuan et al., 2020), our ap-
proach can directly output high-quality 3D mesh shapes that are more storage-
efficient for high-resolution 3D structure, compared to point clouds (Lun et al.,
2017) and voxels (Jin et al., 2020). 3D meshes also facilitate engineering analyses
because they are compatible with existing computer-aided engineering (CAE)
software 3.

d). A data automation program is developed for training data pairs of 3D shapes
that can be used in any TEA-like neural network for supervised learning prob-
lems.

4.2 Literature Review

In this section, we review the existing research that is most relevant to our
work.

3“Meshes” are used for 3D representation here. In CAE software, there is a concept called
“meshing”. Meshing is a process that breaks down the continuous geometric space of an object into
a discrete number of shape elements. All 3D representations including meshes and native CAD data
format (e.g., IGES, DWG, and STL) that can be directly input to CAE software have to go through
the meshing process for analysis.
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4.2.1 Learning-Based Sketch-to-3D Generation Methods

Point clouds and voxels have been widely used as 3D representations for sketch-
to-3D generation (Lun et al., 2017; Nozawa et al., 2021; Jin et al., 2020). These meth-
ods need to postprocess the resulting 3D shapes to meshes for better visualization,
which still suffer from low surface quality. There are studies attempting to directly
produce high-quality mesh shapes. For example, concurrent with the development of
our approach, Guillard et al. (Guillard et al., 2021) propose a pipeline to reconstruct
and edit 3D shapes from 2D sketches. They train an encoder/decoder architecture to
regress surface meshes from freehand sketches. The method applies a differentiable
rendering technique to iteratively refine the resulting 3D shapes. Similarly, Xiang et
al. (Xiang et al., 2020) integrate a differentiable rendering approach to an end-to-end
learning framework for predicting 3D mesh shapes from line drawings.

All methods above are promising and have inspired us to explore a more chal-
lenging task, i.e., to predict a 3D shape from a simple silhouette sketch. Our approach
is similar to (Nozawa et al., 2020, 2021; Han et al., 2017; Guillard et al., 2021) in
that we only need one single sketch as input, but we create a new neural network
architecture that can predict a 3D shape from a single silhouette and simultaneously
generate novel 3D shapes. The direct output shapes are 3D meshes with high-quality
surface details, thus, requiring no postprocessing.

4.2.2 Learning-Based Generative Design Methods

Learning-based generative design (GD) methods have been primarily devel-
oped based on two techniques, generative adversarial networks (GANs) (Goodfellow
et al., 2014) and variational autoencoders (VAEs) (Kingma and Welling, 2013). There
are several approaches for 2D designs (Oh et al., 2019; Dering et al., 2018; Fujita et al.,
2021), but they are not appropriate for design applications that require 3D models.
In 3D applications, Shu et al. (Shu et al., 2020) present a method that combines
GAN and the physics-based virtual environment introduced in (Dering et al., 2018)
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to generate high-performance 3D aircraft models. Zhang et al. (Zhang et al., 2019)
propose a method using a VAE, a physics-based simulator, and a functional design
optimizer to synthesize 3D aircraft with prescribed engineering performance. Build-
ing upon (Oh et al., 2019), Yoo et al. (Yoo et al., 2020) develop a deep learning-based
CAD/CAE framework that can automatically generate 3D car wheels from 2D im-
ages. Gunpinar et al. (Gunpinar et al., 2019) apply a spatial simulated annealing
algorithm to generate various silhouettes of cars, which are then extruded to 3D car
models. Those models can be further refined by sweeping a predefined cross-section
sketch. However, simply extrusion does not guarantee satisfactory outcomes, and the
resulting 3D car models look unreal.

4.2.3 Target-Embedding Representation Learning

Girdhar et al. propose a TL-embedding network (Girdhar et al., 2016) that is
composed of a T-network for training and an L-network for testing. The T-network
contains an autoencoder (encoder-decoder) network and a CNN. After training, the
L-network can be used to predict 3D shapes in voxels from images. Similarly, Mosta-
jabi et al. (Mostajabi et al., 2018) uses an autoencoder and a CNN to perform the
semantic segmentation task of images. Dalca et al. (Dalca et al., 2018) apply a similar
network structure as (Girdhar et al., 2016; Mostajabi et al., 2018), consisting of a prior
generative model to generate paired data (biomedical images and anatomical regions)
to solve the scarcity of labeled image data for anatomical segmentation tasks. Jarrett
and Schaar (Jarrett and van der Schaar, 2020) categorize these studies as supervised
representation learning methods. They observe that when the dimension of the target
data space is higher or similar to the feature data space, a target-embedding autoen-
coder (TEA) can be more effective than a feature-embedding autoencoder (FEA).
The authors verify that the TEA structure will guarantee learning stability by us-
ing a mathematical proof of a simple linear TEA and showing the empirical results
from a complex non-linear TEA. Inspired by those existing works, we construct the
target-embedding variational autoencoder (TEVAE) architecture.
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Figure 4.1: (a) The proposed approach using target-embedding variational autoen-
coder (TEVAE); (b) The preparation of data pairs

96



4.3 Approach

The proposed target-embedding variational autoencoder (TEVAE) architec-
ture, shown in Fig. 4.1 (a), consists of two modules: a training module and an
application module.

4.3.1 The E2D Network and the Two-Stage Training

The key component of the training module is the E2D network that consists
of two encoders and one decoder, which is constructed by concatenating an encoder
(labeled as Enc2(·)) to a mesh VAE (an encoder-decoder network, labeled as Enc1(·)
and Dec(·)) (Yuan et al., 2020). The Enc1(·) maps target shapes (St, i.e., the original
authentic 3D mesh shapes) to a low-dimensional latent space, and the Dec(·) maps
latent vectors from that latent space to 3D mesh shapes. With the same network
structure as Enc1(·), Enc2(·) takes source shapes (Ss, the 3D mesh shapes extruded
from silhouette sketches of the target shapes) as the input and maps them to the
same dimensional latent space as the mesh VAE.

We adopt the same loss function developed in (Yuan et al., 2020) to train
Enc1(·) and Dec(·). For Enc2(·), we create a new loss function L2 as below.

L2 = αDRegress + DR, (4.1)

where α is the weight for the regression loss and

DRegress = 1
2M

M∑
i=1

∥∥∥µ2
i − µ1

i
∥∥∥2

2
(4.2)

denotes the Euclidean loss, where µ2
i is the output of Enc2(·) using X i as input

and µ1
i is the mean vector obtained from the latent space of the mesh VAE using

the input of Y i. DR is the regularization loss applied to improve the generalization
ability of the Enc2(·).

We apply a two-stage training strategy (Mostajabi et al., 2018) to jointly
train the mesh VAE and Enc2(·) from scratch. In Stage 1, the mesh VAE is trained
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independently. In Stage 2, we fix all the learning parameters of the mesh VAE and
train Enc2(·) by minimizing L2.

4.3.2 The Predictive Network and Generative Network

After the E2D network is trained, we connect Enc2(·) to Dec(·) to form the
predictive network. It can take a 3D extrusion mesh shape as input and output a
3D mesh shape that is similar to the input shape but has finer geometric details,
making it authentic and aesthetic. We use the trained mesh VAE as the generative
network, which can perform generative design tasks, including shape reconstruction,
interpolation, and random generation.

4.3.3 Preparation of Data Pairs

Data pairs {Si
s, Si

t}N
i=1 are needed to train the E2D network. Fig. 4.1(b)

shows the process of obtaining one training data pair using a car body as an example.
From the sideview image of an authentic 3D car model, we extract its contour points,
from which we can obtain an extrusion model using the FreeCAD Python API. We
develop a set of Python scripts that fully automate the whole process, which is made
open-source for the community 4. We process N = 1240 car models obtained from
(Umetani, 2017) and N = 203 mug models from (Gao et al., 2019c). For car models,
we keep only car bodies by removing all the other parts, such as mirrors, wheels, and
spoilers.

4.3.4 Shape Preprocessing and Feature Representation

The E2D network requires input mesh shapes in both the source shape set
({Si

s}N
i=1) and the target shape set ({Si

t}N
i=1) to have the same topology (i.e., the same

number of vertices and the same mesh connectivity). However, the mesh typologies
between the two datasets can be different. For simplicity, we use a uniform topology

4https://github.com/Xingang1990/TEVAE
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for both datasets and the non-rigid registration method (Zollhöfer et al., 2014) is
applied to meet this requirement. Nonrigid registration is a widely used technique in
the computer graphics field to map one point set (e.g., point cloud, mesh) to another.
A uniform unit cube mesh with 19.2k triangles (9602 vertices) is used to register all
mesh shapes. This makes all shapes have the same topology as the cube mesh, but
remain the same as their original shapes and geometric details.

The As-Consistent-As-Possible (ACAP) method (Gao et al., 2019a) is applied
to extract features of a 3D shape to input to the E2D network. We deform the afore-
mentioned uniform cube mesh to a target 3D mesh shape by multiplying deformation
matrices, from which nine unique numbers can be extracted for each vertex of the
mesh shape. Thus, a shape with v vertices can be represented by a feature matrix
Mf ∈ Rv×9, where v = 9602 in our implementation. We can get the feature repre-
sentations of the source shape dataset X = {Xk}N

k=1 and the target shape dataset
Y = {Y l}N

l=1, where N = 1240 for the car models and N = 203 for the mug models,
and {X i, Y i} forms the input feature of one data pair.

More details of the approach and the training of the E2D network are provided
in the Supplementary Material in Appendix B.

4.4 Case Studies and Results
4.4.1 Implementation of the Two-Stage Training

For training the mesh VAE in Stage 1, the input target shape dataset Y =
{Y l}N

l=1 is randomly divided into the training set (80%) and the test set (20%). For
training the Enc2(·) network in Stage 2, we also do an 80-20 split of the source shape
dataset X = {Xk}N

k=1, and meanwhile use the data pair to make sure the ith target
shape (Si

t) corresponds to the ith source shape (Si
s) in both the training and test sets.
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Figure 4.2: (a) Results of car bodies: predicted shapes (in the fourth row) and
reconstructed shapes (in the second row); (b) The prediction results of mugs
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Figure 4.3: (a) The results of shape interpolation for three cases; (b) The results of
random generation shapes along with two nearest neighbor (NN) shapes
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4.4.2 The Predictive Network

The predictive network aims to predict a 3D shape from an input silhouette
sketch. We conducted experiments on the prediction of the training set and the test
set. The results of the car models are shown in Fig. 4.2(a). For the result of the
training set, the first row shows the target shapes, and the following rows are their
corresponding reconstruction shapes from the mesh VAE, extrusion shapes (with sil-
houettes marked in dark), and the predicted shapes, respectively. The results indicate
that, given an input extrusion shape from the corresponding silhouette sketch, the
predictive network is capable of predicting an authentic 3D shape, as illustrated in
the fourth row. It should be noted that even though we are targeting shapes (ground
truth) in the first row, the best results that can be achieved from the predictive net-
work are the reconstruction shapes in the second row. The reconstruction shapes and
the corresponding predicted shapes look identical in terms of visual appearance, but
are different in geometric details. To show the difference, we compute the Hausdorff
distance between those shapes and visualize the distance values in the fifth row. Sim-
ilar results are also observed for the shapes in the test set, which indicates a good
generalization of the network because the test set shapes are unseen data for the
network. This is particularly important in real-world applications, where user input
often does not resemble existing shapes in a training dataset.

The prediction results of the mug models are shown in Fig. 4.2(b). The first
two rows are the source shapes that are obtained from extruding the silhouettes,
while the last two rows are the corresponding predicted shapes. Mugs are generally
non-extrudable from side-view silhouettes, so the extrusion shapes look more like
toast instead of mugs. However, our approach can still predict authentic mug shapes.
Please note that, besides extruding, other 3D modeling techniques, such as revolving
and sweeping, can also be used to obtain 3D primitive shapes. Extruding is adopted in
this study for ease of implementation. In addition, it provides us with basic geometric
features for 3D shape prediction.
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4.4.3 The Generative Network

For the generative network, different generative operations, such as shape re-
construction, interpolation, and random generation, can be performed. The recon-
structed 3D shapes are already shown in the second row for both the training set and
the testing set in Fig. 4.2(a). For shape interpolation, new 3D shapes are synthesized
by linearly interpolating two target 3D shapes through their encoded latent vectors.
We demonstrate the results of shape interpolation in three cases using the case study
of car models (see Fig. 4.3(a)): 1) interpolation between two training shapes, 2) be-
tween two test shapes, and 3) between a training shape and a test shape. In each case,
the first and the last columns are the shapes to be interpolated, and the in-between
columns are linearly interpolated shapes. It can be observed that there is a gradual
transition of the shape geometry between the two target shapes.

For random shape generation, latent vectors are randomly sampled from the
latent space of the Mesh VAE, and decoded by the trained Dec(·) to 3D mesh shapes.
Fig. 4.3(b) shows that the generative network can generate novel car models (in the
first row) that are not seen in the original dataset. This is validated by finding their
nearest neighbors (NNs) (the second and third rows) in the original dataset based on
the Hausdorff distance. A quick visual comparison between the randomly generated
car models and their NNs tells the differences, and they are indeed new shapes.

4.5 Graphic User Interface Development

Gunpinar et al. (2019) propose to use nine characteristic lines (e.g., front
bumper, grille, rear windshield, and trunk) to represent the silhouette of a car. Bézier
curves (Bézier, 1968) can be used to mathematically represent these lines with pre-
defined control points (e.g., three control points for quadratic curves and four points
for cubic curves). With such a system, users can create a diverse set of silhouettes
by adjusting the control points of each characteristic line. In this work, we integrate
the technique from (Gunpinar et al., 2019) into our GD framework. This approach
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Figure 4.4: Contour points of the 20 sampled car models with an example to show
how we obtain the boundary for control points of a characteristic curve.

enables designers to create 3D mesh shapes using the sketch-to-3D mesh model. Our
framework can take human input as 2D silhouette sketches and output authentic 3D
mesh shapes. The GD-based concept creation approach introduces how one can col-
lect 2D automobile silhouette sketches from designers and auto-populate 3D vehicle
designs that are authentic.

In developing the graphic user interface (GUI) that enables the above GD-
based vehicle design, it was essential to identify the boundary within which users can
adjust the control points of their desired curves and silhouette sketches. To obtain a
reasonable boundary limit for each characteristic line, authentic automobile models
were used as references. We randomly sampled 20 models from a set of automobile
models (Umetani, 2017) and obtained the contour points using the method introduced
in Figure 4.1(b). The top portion of Figure 4.4 shows the contour points of the 20
car models sampled. The starting and ending points of each line were manually
identified. The smallest right triangle that can enclose one characteristic line was
created by identifying its two legs (e.g., H1 and H2 in the lower image of Figure 4.4).
After getting the data for all 20 car models, we averaged the length of each leg to get
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Figure 4.5: Prediction of 3D shapes from 2D sketches input from users.

the boundary limits. To promote more diverse sketches, we set a rectangle boundary
for some lines based on the features of different lines (i.e., lines with more variations
of shapes), as shown in the first row of Figure 4.5. Users can move around the control
points within the corresponding boundary to input the silhouette sketch that best
matches their preferences.

We created a human-computer interface using FreeCAD 0.18 5, which was used
to collect human input of silhouette sketches. These sketches served as 2D profiles,
which were used to create extruded car models of meshes. Figure 4.5 shows some
of the extruded car models in side view and isometric view based on 2D silhouette
sketches. After the 3D extrusions were created, the predictive model stepped in and
generated authentic 3D shapes. The final row in Figure 4.5 shows a few examples
of the predicted car models. It is observed that the predicted 3D shapes resemble
the 2D sketches in terms of the side view, but provide finer geometric details in the
third dimension, thus making the car shapes authentic. Since those 2D sketches are
entered by users based on their preferences, the predicted 3D shapes will facilitate
their ideation process. We expect that these 3D shapes will provide an additional
outlet for users to help better understand their designs.

5Obtained from https://wiki.freecadweb.org/Main_Page
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4.6 Conclusion

To tackle the challenge of predicting a 3D shape from a silhouette sketch,
we present a novel target-embedding variational autoencoder (TEVAE) network that
enables a 2D-to-3D design approach. Our approach can effectively predict a 3D shape
from a silhouette sketch. The predicted 3D shape is consistent with the input sketch
and is authentic with rich geometric details. Such a design transformation could
greatly shorten the iteration between the design ideation to CAD modeling. The
approach can also generate novel 3D shapes, and thus could better inspire designers
for their creative work. The resulting 3D shapes are represented in meshes, which
are ready for downstream engineering analyses, evaluation, and prototypes (e.g., 3D
printing).

Quantity yields quality, and this can be achieved by broadening the initial
pool of concept ideas (Yang, 2003). We believe that the presented approach can help
designers explore the design space more efficiently and stimulate creative design ideas
in the early design stages. From the methodology point of view, this new generative
design approach is general enough to be applied in many applications where 3D shape
modeling and rendering are necessary. As long as the sketch can provide a major
perspective view of an object, like the frontview of a human body and the sideview
of a bottle, the corresponding authentic 3D shape can be predicted and novel shape
concepts can be generated. In addition, our approach is friendly to ordinary people
who have few professional sketching skills, since it only requires a simple silhouette
of an object as input.

There are a few limitations in the current study that the authors would like
to share. First, the current model only handles genus-zero shapes and ignores any
through holes (e.g., the hole between the body and the handle of a mug in Fig.
4.2(b)) in the original shape due to the non-rigid registration (Zollhöfer et al., 2014).
However, many design artifacts are usually non-genus-zero (e.g., a mug with a through
hole between the body and the handle) or have more complex geometry consisting of
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Figure 4.6: Complex geometries (e.g., a toy plane) or non-genus-zero shapes (e.g., a
mug) can be partitioned into several genus-zero shapes. Then, the proposed approach
can be applied to each component for shape exploration and synthesis.
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many components, e.g., a plane model can have a body, two wings, and three tails,
etc., as shown in Fig. 4.6 (a).

To address this limitation, a part-aware method (Gao et al., 2019c; Li et al.,
2021c) may be a potential solution. We perform a quick experiment using a part-
aware mug design problem (see Fig. 4.6(b)). In this particular application, users
can first draw an outline sketch for an individual component (e.g., a mug body or a
handle). Then, the corresponding 3D mesh shape can be predicted and new shapes
can be generated. Lastly, the resulting individual components can be combined into a
holistic structure allowing non-genus-zero topology. However, the part-aware strategy
could not work for parts that are non-genus-zero and unable to be further decomposed
into genus-zero components, e.g., a chair back with hollow-out structures and holes.
In this experiment, we applied a cube mesh template to register mug models using
non-rigid registration (Zollhöfer et al., 2014) as introduced previously. However, we
observed that artifacts with a large curvature could not be perfectly registered (e.g.,
the mug handle in Fig. 4.6(b) highlighted by a circle). This issue can be alleviated
by using different templates of 3D primitives, e.g., a sphere or a cylinder.

In addition to the part-aware method, other methods based on new 3D repre-
sentations could also be applied to address the first limitation. For example, primitive-
based methods can use a set of primitive surfaces to represent a 3D shape (Paschalidou
et al., 2021; Vasu et al., 2021; Jones et al., 2021; Groueix et al., 2018). Implicit 3D
representation (e.g., signed distance fields (Chen and Zhang, 2019; Park et al., 2019))
can characterize 3D surfaces implicitly, and the resulting 3D geometries can be con-
verted to mesh representation. These methods can capture the topology changes of
3D shapes without using a template mesh for data registration, thus deserving our
future exploration.

Second, the constructed 3D shapes are consistent with the designer’s sketch in
terms of sideview, but they might not be the same as what the designer has in mind.
To address this limitation, we plan to integrate interactive modeling techniques into
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the proposed GUI for users to further adjust the generated 3D shapes according to
their preferences.

Third, the generative network performs well in shape reconstruction and shape
interpolation, but the success rate of random shape generation is lower than one-third
due to the sparsity of the training data. Therefore, the random shape generation
function is not fully reliable in practice for now. This problem could be solved by
obtaining more 3D shape data using data augmentation methods, such as the one
presented in the study of (Nozawa et al., 2020), to improve the diversity and quality
of the training dataset. These limitations motivate us to further improve the current
model in the future.
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Chapter 5: Image2CADSeq: Computer-Aided
Design Sequence and Knowledge Inference from

Product Images

Abstract
This research introduces a novel data-driven approach with an Im-

age2CADSeq neural network model. This model aims to reverse

engineer CAD models by processing images as input and generating

CAD sequences. These sequences can then be translated into B-rep

models using a solid modeling kernel. Unlike B-rep models, CAD se-

quences offer enhanced flexibility to modify individual steps of model

creation, providing a deeper understanding of the construction pro-

cess of CAD models. To quantitatively and rigorously evaluate the

predictive performance of the Image2CADSeq model, we have devel-

oped a multi-level evaluation framework for model assessment. The

model was trained on a specially synthesized dataset, and various

network architectures were explored to optimize the performance.

The experimental and validation results show great potential for the

model in generating CAD sequences from 2D image data.

5.1 Introduction

Computer-aided design (CAD) systems can significantly reduce design time by
avoiding the need for traditionally required labor-intensive manual drawings (Rosato
and Rosato, 2003). Contemporary CAD systems such as Fusion 360, SOLIDWORKS,
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and OnShape enable designers to create and modify CAD models 1 through a sequence
of CAD operations. However, in certain scenarios, the CAD model of a product may
not be readily available due to various factors, including outdated documentation, lack
of digital records, and commercial reasons. Reverse engineering (RE) is employed to
overcome these obstacles, utilizing measurement and analysis tools to reconstruct
CAD models (Varady et al., 1997; Buonamici et al., 2018).

Integrating RE with CAD systems can not only allow designers to leverage the
advantages of existing products while incorporating their own innovative ideas and
improvements but can also be used for design knowledge restoration and management.
However, the traditional RE process faces two major limitations. First, it focuses on
reconstructing 3D models rather than CAD sequences. Compared to 3D models, a
CAD sequence provides access to the historical construction process and associated
design knowledge and it facilitates geometry modification using parametric modeling.
Second, the process has been performed primarily manually, making it labor-intensive
and time-consuming. Recently, researchers have explored data-driven methods, such
as converting 3D point clouds (Uy et al., 2022; Ren et al., 2022) or voxels (Lambourne
et al., 2022; Li et al., 2023a) into CAD models. Nevertheless, these 3D input data
are often challenging to acquire due to inaccessibility and unavailability. 3D scanning
could be a solution, yet quality is often unsatisfactory and cost is an unavoidable
factor to consider when acquiring specialized equipment and expertise.

Compared to point clouds or voxels, images are easier to acquire given the
popularity of mobile devices. Thus, our question arises: How can we reverse engineer
CAD sequences directly from 2D images in supporting designers to interpret and edit

1CAD models are structured, parametric, or operation-based 2D or 3D design, allowing for a high
level of control and flexibility in the design process. They are particularly suitable for industrial
and engineering designs, where precision and the ability to easily modify designs are crucial. There
are two main types of CAD models: 1) constructed solid geometry (CSG) and 2) parametric CAD
models including CAD sequence data and boundary representation (B-rep) models. In contrast,
discrete 3D representations, such as meshes and point clouds, are more static and less flexible in
terms of parametric editing and design exploration (Wu et al., 2021; Para et al., 2021).
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CAD models during the design and modeling process? After a thorough literature
review, we realize that there is a scarcity of research exploring answers to this question.
Therefore, our objective is to develop a data-driven approach that can generate a
sequence of CAD operations based on a single image (referred to as “Image2CADSeq”
hereafter for brevity).

The contributions of the proposed approach are summarized as follows.

a). To the best of our knowledge, this study is the first attempt to predict a se-
quence of CAD operations given a single image input (i.e., single-view image to
CAD sequence prediction). We developed a target-embedding variational au-
toencoder (TEVAE) architecture (Li et al., 2022c) to solve this problem. The
proposed approach has the potential to streamline the CAD design process, re-
ducing the time and effort required to create 3D models from 2D sketches or
photographs.

b). We created a novel data synthesis pipeline based on the design grammars defined
in the domain-specific language (DSL), Fusion 360 Gallery. The pipeline can
generate synthetic data that resemble real-world images and CAD models. It
can also be used as a data augmentation method to improve the quality and
quantity of existing training data sets, making the data more diverse and robust
for training image2CADSeq models.

c). We developed a multi-level evaluation framework to assess the Image2CADSeq
performance, encompassing three components: CAD sequences, 3D models, and
the corresponding images. Specifically, the evaluation of the CAD sequence is
performed at multiple levels and hierarchies (see Section 5.4.5 for details) to
quantitatively assess the predictive performance of the proposed model archi-
tectures.

We anticipate that the proposed approach has the potential to revolutionize
existing CAD systems by making the CAD model reconstruction process more acces-
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sible. This would enable both experienced and novice designers to actively contribute
to the design, promoting design collaboration and design education. Moreover, it has
the potential to provide a unique pathway to involve end users in the design process,
promoting design democratization.

The remainder of this paper is organized as follows. In Section 5.2 and 5.3,
we provide an overview of the background related to data-driven 2D-to-3D gener-
ation and technical background about the applied techniques. Section 5.4 outlines
the methodology in the development of our Image2CADSeq model. Subsequently,
Sections 5.5 and 5.6 present and analyze the experimental results, summarizing the
primary findings and acknowledging limitations. Conclusions and closing remarks
are presented in Section 5.7, where we present key insights and suggest potential
directions for future research.

5.2 Literature Review

In this section, we first provide a background of deep learning techniques
applied to 2D-to-3D generation using discrete 3D representations, such as voxels and
meshes, as well as the generation of CAD models using constructive solid geometry
(CSG) and 2D sketches. Following this introduction, we then present a review of
deep learning methods specifically tailored for 3D parametric CAD models, which
are most relevant to our work.

5.2.1 Research on 2D-to-3D Generation

Our research is related to the domain of 2D-to-3D generation, led by advances
in computer graphics and computer vision. For an in-depth understanding of the
current developments and challenges in this area, we direct readers to a compre-
hensive review (Shi et al., 2022). The use of discrete 3D representations, such as
voxels, point clouds, and meshes, has been prevalent. Despite their widespread use,
these representations often focused on generating visually appealing objects with-
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out necessarily considering their engineering aspects, such as dimensions, engineering
performance, and compatibility with engineering software (Li et al., 2023b). This
mismatch hinders the seamless integration with downstream applications, such as
editing and engineering analysis of synthesized 3D shapes, underlining the necessity
for adopting CAD-specific data formats in our research.

Constructive solid geometry (CSG) is one of the fundamental methods for
creating CAD models. It applies Boolean operations (e.g., union, intersection, and
subtraction) to basic geometric shapes (primitives), such as cuboids, spheres, and
cylinders. CSG is known for its lightweight structure, which allows for easy modifica-
tions by altering the parameters of these primitives and their spatial transformations.
There have been various studies on the deep learning methods of CAD model gen-
eration using CSG (Ren et al., 2021; Sharma et al., 2017, 2019; Kania et al., 2020).
Despite its merits, CSG lacks the versatility used in contemporary CAD tools that
utilize parametric modeling.

Parametric CAD models start as 2D sketches comprising geometric primi-
tives (e.g., line segments and arcs) with explicit constraints, such as coincidence and
perpendicularity, establishing the foundation for 3D construction operations (e.g.,
extrusion and revolution). The relevant deep learning methods of parametric CAD
models include 2D engineering sketch and 3D model generation and reconstruction.
There has been a series of studies recently (Willis et al., 2021a; Seff et al., 2021; Ganin
et al., 2021; Para et al., 2021; Yang and Pan, 2022) dedicated to the generation of
CAD sketches through the application of deep learning approaches. The emphasis
in these works is on generating 2D layouts rather than dealing with the generation
of 3D components. We will be focused on introducing deep learning methods for 3D
CAD model generation and reconstruction since they are more relevant to our work.
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5.2.2 Deep Learning of Parametric 3D CAD Models

Boundary representation (B-rep) format is the standard format for represent-
ing 3D shapes in CAD, which defines objects based on their boundary surfaces,
edges, and vertices connected through specific topology. Numerous learning-based
approaches have emerged for the generation of parametric curves (Wang et al., 2020)
and surfaces (Sharma et al., 2020). In addition to curve or surface generation, Smirnov
et al. (Smirnov et al., 2020) introduced a generative model for creating topology that
combines parametric curves and surfaces to create solid models, depending on pre-
defined topological templates. In addition, various methods have been proposed to
enable the direct generation of B-rep models with arbitrary topology (Guo et al.,
2022; Jayaraman et al., 2022; Wang et al., 2022b). Different from these works, our
focus lies in generating CAD sequences that can be translated into B-rep models using
a solid modeling kernel, such as Fusion 360 CAD software.

Significant progress has been made in the generation of CAD sequences for
the reconstruction of 3D models particularly through Sketch-and-Extrude modeling
operations. Recently, there have been methods (Wu et al., 2021; Xu et al., 2022)
for generative models specifically designed for the unconditional generation of CAD
sequences. These models aim to autonomously create CAD sequences without relying
on specific conditions or inputs. Specifically, Wu et al. (Wu et al., 2021) presented
the first generative model, DeepCAD, that learns from sequences of CAD model-
ing operations to produce editable CAD designs. By drawing an analogy between
CAD operations and natural language, the authors propose to utilize a transformer
(Vaswani et al., 2017) architecture aiming to leverage the capabilities of transformer
models in understanding and generating sequences, adapting them to the context of
CAD design operations.

Generative models indeed serve as valuable tools for randomly generating a
multitude of designs, offering inspiration and exploration of diverse possibilities. How-
ever, these models lack the capability to directly incorporate designers’ intent into
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the generation process. Consequently, the designs generated can deviate from the ex-
pectations or specific requirements of the designers. This discrepancy highlights the
need for mechanisms that allow designers to guide or influence the output, ensuring
that the generated designs align more closely with their intent and preferences. To
that end, several methods have been introduced to allow the CAD sequence gener-
ation given the target of B-rep models (Willis et al., 2021b; Xu et al., 2021), voxels
(Lambourne et al., 2022; Li et al., 2023a), point clouds (Uy et al., 2022; Ren et al.,
2022), and sketches (Li et al., 2020b, 2022a). Particularly, Fusion 360 Gym (Willis
et al., 2021b) was developed to reconstruct a CAD model given a B-Rep model,
utilizing a face-extrusion technique that relies on existing planar faces within the
B-Rep model. However, despite the potential for CAD sequence generation, the face-
extrusion method differs significantly from the more natural sketch-extrusion method
commonly used by human designers. Moreover, this technique is ineffective when
confronted with a lack of available planar or profile data in the input data, such as
images.

Our work aims to fill a research gap in the existing literature by focusing on
the task of generating CAD sequences from images. In particular, we expand upon
the transformer-based autoencoder initially introduced in DeepCAD (Wu et al., 2021)
and convert it into a TEVAE architecture developed in our previous work (Li et al.,
2022c). In the case study, we apply the domain-specific language of Fusion 360 Gym
(Willis et al., 2021b) that demonstrates our approach to predicting CAD sequences
that involve Sketch-and-Extrude operations.

5.3 Technical Background

An autoencoder (AE) is a type of neural network that aims to learn a com-
pressed representation of input data (Hinton and Salakhutdinov, 2006). It consists
of two main parts: an encoder and a decoder. The encoder compresses the input
into a lower-dimensional latent space, while the decoder reconstructs the input data
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from this compressed representation. The goal is to minimize the difference between
the original input and its reconstruction, leading to efficient data encoding. Varia-
tional Autoencoders (VAEs) (Kingma and Welling, 2014) extend traditional AEs by
introducing a probabilistic way to the encoding process. This probabilistic approach
allows VAEs not only to reconstruct input data but also to generate new data that
is similar to the input. Autoencoders have been applied to uncover the useful under-
lying structures of data which is typically known as representation learning (Bengio
et al., 2013).

Representation learning is a set of techniques in machine learning that auto-
matically discovers the representations with reduced dimensionality from raw data for
downstream tasks, such as regression or classification (Khastavaneh and Ebrahimpour-
Komleh, 2019). While VAEs are particularly known as generative models for their
effectiveness in generating complex data, they offer a more robust, regularized, and
probabilistic approach to representation learning compared to traditional AEs (Li
et al., 2022c; Gomari et al., 2022).

Although most research has focused on employing AEs and VAEs in unsuper-
vised or semi-supervised scenarios, it is worth noting that autoencoders also demon-
strate utility in supervised contexts (Jarrett and van der Schaar, 2020). Specifically,
incorporating an auxiliary feature-reconstruction task proves beneficial in enhanc-
ing supervised classification problems (Le et al., 2018), which are known as feature-
embedding autoencoders (FEAs). Furthermore, Jarrett and Schaar (Jarrett and
van der Schaar, 2020) propose target-embedding autoencoders (TEAs) and demon-
strate their effectiveness theoretically and empirically. As implied by their names,
TEAs focus on encoding the target’s information into a latent space, while FEAs
encode the feature’s information.

TEAs have been applied to various problems. Girdhar et al. (Girdhar et al.,
2016) introduce a TL-embedding network, comprising a T-network (an autoencoder
network for the horizontal bar and an encoder for the vertical bar) during training.
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Upon training completion of the T-network, it facilitates the derivation of the L-
network, enabling the prediction of 3D voxel shapes from input images. A similar
network architecture has also been applied for semantic image segmentation tasks
(Mostajabi et al., 2018; Dalca et al., 2018). Drawing inspiration from these preceding
studies, Li et al. (Li et al., 2022c) propose to use a VAE to replace the AE and form a
target-embedding variational autoencoder (TEVAE) architecture, demonstrating its
effectiveness in predictive and generative tasks for car and mug design examples.

In this study, we constructed the Image2CADSeq neural network model by
comparing both TEA and TEVAE architectures. Our objective is to assess their
effectiveness in the prediction task of images to CAD sequences. The results revealed
a significant superiority of the TEVAE architecture over the TEA architecture in
terms of prediction performance as detailed in Section 5.5.3.

5.4 Methodology

The flowchart depicted in Figure 5.1 illustrates the proposed systematic ap-
proach to predicting CAD sequences given images, a process we refer to as Im-
age2CADSeq. To effectively tackle this challenge, we initiate with a clear problem
definition that divides the task into manageable components. Our objective is to
harness the power of deep learning to predict a CAD sequence—a series of CAD
operations characterized by specific operation types and their corresponding param-
eters—from an image. The image could be a rendering from a CAD model or a
real-world photograph of a 3D object.

Due to the intricate nature of CAD sequences, we employ a CAD program
as a representational tool for CAD sequences. A CAD program enables designers
to script their designs programmatically in a specialized scripting environment, such
as the Fusion 360 API, FreeCAD API, or CADQuery. CAD programs can convert
CAD sequences described in text into script language that is interpretable and ex-
ecutable by computers. To overcome the inherent lack of structured format in the
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Figure 5.1: Approach overview.
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Table 5.1: Fusion 360 Gallery Domain Specific Language

CAD sequence data, the CAD program is then streamlined into a vectorized repre-
sentation conducive to neural network processing. This representation can facilitate
not only the development of our neural network’s architecture but also the creation
of a data-synthesis pipeline tasked with generating the training data for the neural
network. In addition, given the complexity of the Image2CADSeq task, we develop a
comprehensive evaluation system that rigorously assesses our neural network models’
performance, thereby ensuring the reliability and accuracy of our approach. This
holistic evaluation is crucial in refining the Image2CADSeq model and guiding its
evolution to meet the demanding standards of CAD sequence prediction.

In this study, we employ a particular domain-specific language (DSL), namely
Fusion 360 Gallery (abbreviated as Gallery for conciseness) (Willis et al., 2021b) for
the CAD program, as a solid case to demonstrate our approach. Therefore, before
the presentation of how we devise the vectorized design representation for the CAD
sequence data, we provide an introduction to the Gallery DSL below.
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Table 5.2: Comparison of the CAD programs for creating a cylinder with a base circle
radius of 5 and a height of 10 using Fusion 360 Python API, Fusion 360 Gallery DSL,
and the Simplified Gallery DSL. Note: Bullet numbers are used to indicate the effort
that a designer would typically make to create a design.

5.4.1 Fusion 360 Gallery Domain Specific Language

Table 5.1 presents a summary of the core elements (i.e., CAD-related elements)
in Gallery DSL, which enables the representation of a 2D/3D design as a CAD pro-
gram, and Python is used to implement the CAD operations (Willis et al., 2021b).
Gallery DSL now supports two major types of CAD operations: Sketch and Extrude.
Each CAD operation is decomposed into two fundamental components: the operation
type and its corresponding parameters. These elements are analogously mirrored in
the Gallery DSL as function names and their associated parameters.

A Sketch operation includes the definition of a Sketch Plane and Curves on
it. A Sketch Plane can be created by the add sketch(I) function, where I is a plane
identifier that can be specified from the three canonical planes ”XY”, ”XZ”, or ”YZ”
or other planar faces (e.g., the side face of a cube) present in the current geometry.
The Sketch Plane can then be used as the reference coordinate system in 2D for spec-
ifying the coordinates. A sequence of Curves, including Line, Arc, or Circle, can be
drawn using add line(N, N, N, N), add arc(N, N, N, N, N), and add circle(N, N, N),
respectively, Where N is a real number representing the required parameters for a
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particular operation. As two numbers are needed to define one point, Line uses four
numbers for start and endpoints; Arc needs five numbers: start point, center point,
and sweep angle; and Circle is specified with three numbers: two for position and
one for radius. Executing a Sketch can result in enclosed regions, termed profiles
in CAD language. An Extrude operation can extrude a profile from 2D into 3D by
using add extrude(I, N, O), where I is an identifier for the profile, and N is a signed
number defining the depth of extruding along the normal direction of the profile. The
Boolean operation (O) specifies the behavior of the extruded 3D volume, e.g., add to
or subtract from other 3D bodies.

While Gallery DSL currently does not support certain objects, such as spheres
and springs, it still covers a vast range of them by using expressive Sketch and Extrude
operations with Boolean capability (Willis et al., 2021b). Therefore, it is a good
starting point for supporting learning-based methods (Willis et al., 2021b; Wu et al.,
2021). In the future, the other CAD operations, such as Revolve, Sweep, and Fillet,
can be added to the Gallery DSL to expand its design grammar for a full-fledged
CAD tool. In this study, we leverage the current status of the Gallery DSL by only
considering the Sketch and Extrude operations.

Gallery DSL acts as a simplified interface to the more complex Fusion 360
Python API. In essence, it democratizes access to sophisticated CAD design through
a more intuitive Python-based interface, effectively bridging the gap between complex
CAD operations and the user’s ability to execute them efficiently. For instance, as
demonstrated in Table 5.2, when creating a cylinder with a base circle radius of 5
and a height of 10, the CAD program using Gallery DSL requires only about two-
thirds of the efforts needed with the Fusion 360 Python API and does not require
sophisticated definitions of various variables. This makes the Gallery DSL code easier
to operate, and more user-friendly and accessible. However, Gallery DSL still requires
a substantial amount of coding efforts in non-CAD-related elements, beyond the core
functions as listed in Table 5.1.

122



Table 5.3: Variables t, I, x, y, α, r, [I], d, O, s for the vectorized design representation
of Gallery DSL

To further improve its readability and accessibility, we simplify the Gallery
DSL by isolating its key CAD-related functions referred to as Simplified-Gallery DSL
or Sim-Gallery DSL for briefness, as shown in Table 2. We create the Sim-Gallery DSL
following the concept of parametric modeling. In parametric modeling, a design is a
sequence of operations that progressively modify the current geometry of an object.
This process can be well represented in the Sim-Gallery DSL by a series of pure CAD
operation functions. This simplification reduces the process to just three steps for
creating a cylinder: add sketch(·), add circle(·), and add extrude(·). Additionally, we
have developed a parsing method in Python to convert this simplified version back to
the standard Gallery DSL. This ensures compatibility with Fusion 360 CAD software,
facilitating seamless integration and execution of the CAD programs written in the
Sim-Gallery DSL. It can also facilitate the design of the vectorized representation for
the CAD sequence data as introduced in Section 5.4.2.
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5.4.2 Design Representation of CAD Programs

A standardized design representation is essential for neural networks to ef-
fectively interpret CAD programs. Thus, it becomes crucial to devise an efficient
method to represent each CAD operation and the entire CAD program. There are
three major challenges:

1. Diversity in CAD operations: Different CAD programs comprise varying num-
bers of operations.

2. Variability in parameters: Different CAD operations involve different numbers
of parameters.

3. Type of parameters: Parameters can be either continuous or discrete values.

To tackle these challenges, we propose to use a design representation with
a unified data structure. We identified 10 variables (t, I, x, y, α, r, [I], d, O, s) from
the Sim-Gallery DSL, detailed in Table 5.3. In what follows, we elaborate on our
approach to handling these variables.

(1) t ∈ {0, 1, 2, 3, 4, 5, 6} represents the operation types with 0 − 4 representing
add sketch, add line, add arc, add circle, and add extrude. The values 5 and
6 are used to represent the start (SOP ) and the end (EOP ) of a CAD pro-
gram, which are not typical CAD operations but are included for the learning
process to indicate a complete CAD program as required by a transformer model
(Vaswani et al., 2017; Carlier et al., 2020; Wu et al., 2021).

(2) I ∈ {0, 1, 2} indicates the Sketch Plane using one of the canonical planes: ”XY”,
”XZ”, or ”YZ”.

(3,4) x and y are the coordinates of the endpoint for Line and Arc, while they repre-
sent the center point when the operation type is Circle. We excluded the start
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point required by Line and Arc from the design representation by obtaining
it from the precedent curve to make sure all curves are connected one after
another, making the vectorized representation more compact. There are two
extra considerations for this setting: (i) If one curve has no precedent, we de-
fault its start point to the origin (0, 0) when parsing the design representation.
(ii) For Arc that requires a center point instead of an endpoint, we calculate the
coordinates for the center point based on its start point, endpoint, and sweep
angle.

(5) α represents the sweep angle of an Arc.

(6) r is the radius of a Circle.

(7) [I] represents the profile index in the Sketch.

(8) d represents the signed distance of the depth for Extrude.

(9) O ∈ {0, 1, 2, 3} is used to indicate the Boolean operations: join, cut, intersect,
or add, respectively.

(10) s is an auxiliary factor that can be used to scale a CAD model.

In addition, to standardize the treatment of both continuous and discrete pa-
rameters, inspired by (Carlier et al., 2020; Wu et al., 2021), we discretize continuous
parameters through quantization. This involves: (a) Confining continuous values to a
subset of [−1, 1] (e.g., (0, 1] for radius and [−1, 1] for endpoint x and y; (b) Dividing
each range into 256 equal segments, enabling representation as 8-bit integers (i.e.,
0 − 255); (c) For the sweep angle (α), we multiply it by 180 during interpretation;
(d) Handling scale factor (s): Although the scale factor can be a non-negative con-
tinuous value, we limit it to 256 levels for consistency with other continuous values’
quantization. Consequently, the 10 variables can encode both the operation type and
its associated parameters. From the 10 variables, a fixed-dimensional vector can be
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formalized as a unified design representation for each CAD operation, and the unused
parameters will be filled with values of −1. See Figure 5.3 for an example.

The subsequent consideration involves standardizing CAD programs of varying
sizes (the number of CAD operations involved). For example, besides the start and
end marks, SOP and EOP , a cylinder can be created in three operations as shown in
Table 5.2, while a triangular prism in five operations (add sketch(·), add line(·) × 3,
and add extrude(·)). To achieve a consistent data structure across all CAD programs,
we introduce a treatment, called maximum program length. Then, CAD programs
shorter than this maximum length are extended by appending end marks (EOP)
until they reach the predetermined length.

In this study, we use 7 variables to construct a 7-dimensional vector [t, I, x, y, α, r, d]
for each CAD operation (i.e., one step/line in a CAD sequence). Additionally, we as-
sign default values to the other three variables [I], O, and s, setting them as 0, 3,
and 10 correspondingly. Different variables can be selected which will influence the
complexity of the data structure and thus the complexity of designs. In addition, the
maximum length for CAD programs is set to 10. As a result, the design representa-
tion of a CAD program will be a matrix, namely, the feature matrix. Mathematically,
the feature matrix denoted as P , is expressed as P =

[
o1, o2, . . . , oNc

]T
∈ R10×7,

where oi ∈ R7 is a CAD operation vector, and Nc = 10 is the sequence length of the
CAD program. Refer to Figure 5.3 for an example of how a cylinder is converted to
a feature matrix, including the quantization of its parameters as explained earlier.

5.4.3 Neural Network Model Architecture, Training, and Application

The application of target-embedding representation learning in deep learn-
ing, particularly for cross-modal tasks, has shown considerable efficacy (Jarrett and
van der Schaar, 2020; Li et al., 2023b). In alignment with this, we have developed the
Image2CADSeq model, utilizing a target-embedding representation learning method,
as illustrated in Figure 5.2. It features an encoder-decoder network for Stage 1 (S1),
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Figure 5.2: Image2CADSeq model using a target-embedding representation learning
method
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Figure 5.3: Synthesis pipeline for the training dataset of data pairs of image and
vectorized CAD sequence, exemplified using a cylinder model
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which is geared towards unsupervised learning and enables the efficient encoding of
target objects (i.e., matrix feature of CAD programs) within a latent space. An
additional encoder is integrated into Stage 2 (S2), focusing on supervised learning
to regress the previously learned latent space using feature objects (i.e., images) as
input.

The Image2CADSeq model employs a two-stage training strategy (Mostajabi
et al., 2018; Li et al., 2022c). In Stage 1, the focus is on independent training of
the encoder-decoder network. The objective is to minimize the reconstruction loss
between the actual matrix feature of CAD programs (y) and its reconstructed equiva-
lent (y′). Completing this stage involves fixing the learnable parameters of the neural
network model and saving the learned model, thereby capturing a latent space of y.
Stage 2 shifts the focus to independent training of the S2 encoder by minimizing the
discrepancy between the latent vector, derived from the learned latent space, and the
embedding vector produced by the S2 encoder using an image as input. Importantly,
each image used in this stage is directly associated with its feature matrix from Stage
1. This image and its corresponding feature matrix are associated with the same
3D object, and they form one data pair. The alignment of the latent vector with
the embedding vector is performed specifically for these data pairs, ensuring that the
S2 encoder training is precisely tuned to the corresponding images. This approach
ensures a cohesive and targeted learning process. We present a novel data synthesis
pipeline to generate training data pairs in Section 5.4.4.

After training the Image2CADSeq model, the S2 encoder is integrated with
the decoder from S1, creating the application module. This module is capable of
predicting a feature matrix given an image input. Subsequently, this feature matrix
can be translated into a CAD program using the Sim-Gallery DSL. Finally, the CAD
program can be parsed into a 3D object by utilizing Fusion 360 software.
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5.4.4 Data Synthesis Pipeline

With the proposed design representation of the CAD programs and Fusion
360 software, we introduce an automatic data synthesis pipeline, as illustrated in
Figure 5.3. This method is tailored to generate training data pairs comprising fea-
ture matrices of CAD programs and the corresponding images, essential for train-
ing the Image2CADSeq model. The process begins with preparing a list of basic
shape templates, such as cylinders, employing the Sketch-and-Extrude paradigm of
the Gallery DSL. For these basic shapes, we establish a series of template operations
(e.g., add line, add circle). The corresponding parameter values of these operations
are then generated based on the range specified in Table 5.3. By integrating these
template operations with their respective parameters, a complete CAD program is
formulated, which is then translated into 3D CAD models through Fusion 360 soft-
ware. These models are then rendered to obtain their images. Additionally, the CAD
programs are vectorized and quantized to derive their feature matrices, as discussed
in Section 5.4.2. An image paired with its feature matrix, both derived from the same
CAD program, constitutes a data pair. The method is exemplified using a cylinder
model in Figure 5.3.

5.4.5 Evaluation Metrics

In the Image2CADSeq task, there are three key elements: the image, the CAD
program, and the 3D CAD model. The CAD program consists of a sequence of CAD
operations, each involving an operation type and its associated parameters. To assess
the effectiveness of our approach, we have developed a set of evaluation metrics, as
illustrated in Table 5.4.

For the evaluation of 3D CAD models and images, we utilize established met-
rics such as the intersection over union (IoU) and mean squared error (MSE), respec-
tively, as shown in Table 5.4(a). However, assessing the quality of CAD programs
poses a challenge due to the scarcity of suitable metrics in the literature. To address
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Table 5.4: Comprehensive evaluation metrics for the image, the CAD program, and
the 3D CAD model
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this gap, we introduce a novel evaluation system for CAD programs based on the pro-
posed matrix representation, detailed in Table 5.4(b). To comprehensively evaluate
the information loss between the predicted CAD programs with the ground truth,
this system incorporates both hierarchical (H1-3) and double-layered (L1,2) aspects
as shown below, facilitating a multi-dimensional assessment of CAD program predic-
tion. We expect this evaluation system to become a standard for tasks involving the
prediction of CAD programs, as further discussed in the following.

• H1: Sequence evaluation – Evaluates the accuracy of the entire CAD program
and the specific order in which certain CAD operation types follow.

• H2: Sequence-based operation type evaluation – Examines the accuracy of each
individual operation type within the sequence.

• H3: Set-based operation type evaluation – Assesses the operation types as a
collective set, without considering the sequential order. Even if the operation
type sequence varies, a prediction is considered superior if it accurately predicts
a higher number of operation types due to the preservation of information.

• L1: Operation type layer – Evaluates the accuracy of the CAD operation types.

• L2: Parameter layer – Assesses the accuracy of the parameters associated with
each CAD operation type.

Recall that a feature matrix P can be expressed as P =
[
o1, o2, . . . , oNc

]T
.

The vector oi ∈ R7 is a CAD operation vector which can be noted as oi =
[

t
p

]
, where

t is an integer indicating the operation type, and p is a vector of integers representing
the corresponding parameters (see Section 5.4 for more details). In what follows, we
explain the evaluation metrics using the same notation.

ACP. Accuracy of CAD programs (ACP) is calculated by Equation (5.1),
representing the ratio of the predicted CAD programs that are precisely aligned with
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the ground truth ones, where N is the total number of test data for evaluation,
P i denotes the ground truth CAD program, while P̂ i represents the corresponding
predicted CAD program, I(·) is the indicator function that returns 1 if the condition
is true, and 0 otherwise.

ACP = 1
N

N∑
i=1

I(P i = P̂ i), (5.1)

ASOT & EDSOT. Two metrics are defined for evaluating the sequence of
operation types: 1) accuracy of the sequence of operation types (ASOT) and 2) edit
distance of the sequence of operation types (EDSOT). ASOT assesses the proportion
of predicted CAD sequences with operation types (without considering the associated
operation parameters) that match exactly the ground truth, as defined by Equation
(5.2). The notation adheres to those introduced in Equation (5.1). In addition, P i[:, 1]
represents the first column of P i which is the sequence of operation types in a CAD
program, and similarly for P̂ i[:, 1].

ASOT = 1
N

N∑
i=1

I(P i[:, 1] = P̂ i[:, 1]), (5.2)

M [i, j] =


max(i, j) if min(i, j) = 0,

min


M [i − 1, j] + 1
M [i, j − 1] + 1
M [i − 1, j − 1] + 1(ai ̸=bj)

otherwise.
(5.3)

In the case of EDSOT, it measures the level of similarity between the pre-
dicted CAD operation type sequence and the ground truth. While there exist various
metrics to calculate the edit distance, we utilize the Levenshtein distance as shown
in Equation (5.3), which is commonly employed to compare sequential data in appli-
cations, such as computational biology (Navarro, 2001). Given two strings a and b

of lengths m and n, respectively, the Levenshtein distance L(a, b) can be calculated
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using dynamic programming. We define a matrix M of size (m + 1) × (n + 1), where
M [i, j] represents the minimum number of operations (i.e., insertions, deletions or
substitutions) required to transform the substring a[1 : i] into the substring b[1 : j].
After calculating the values for all entries of the matrix M , the Levenshtein distance
is given by L(a, b) = M [m, n].

AOT. As shown in Equation (5.4), the accuracy of the operation types, de-
noted as AOT, is computed as the proportion of CAD operation types in the predicted
sequences that align with their corresponding operation types in the ground truth,
taking into account the order. Common notations are used as in previous equations.
In addition, the function | · | is employed to determine the length of a sequence, and
li is defined as min(|P i[:, 1]|, |P̂ i[:, 1]|), representing the number of operation types
that need to be compared in a sequence for the ith data point of the test data for
evaluation.

AOT =
∑N

i=1
∑li

j=1 I(P i[j, 1] = P̂ i[j, 1])∑N
i=1 |(P i[:, 1])|

(5.4)

AP1. The accuracy of parameter1 (AP1) is determined by assessing the agree-
ment of associated parameters when the CAD operation type is correctly predicted
considering the sequential order, as defined in Equation (5.5). Conditions (c1-3) serve
as the input criteria for the indicator functions. This metric function serves as the
second layer beneath the first layer, AOT, indicating that parameter evaluation oc-
curs exclusively when the operation type is accurately predicted (i.e., c1). For c2,
recall our use of 8-bit integers (i.e., 0 − 255) to represent the parameter values. Re-
garding c3, the parameter η denotes the permissible tolerance for differences between
the predicted parameters and their ground truth values. For example, given a specific
permissive tolerance η ∈ [0, 255], if a ground truth parameter value is z ∈ [0, 255], to
be counted as a correct prediction, the predicted parameter value ẑ must satisfy the
following conditions: |ẑ − z| ≤ η and ẑ ∈ [0, 255]. Furthermore, the summation over
k is a consequence of each CAD operation vector o ∈ R7 having its first dimension
representing the operation type, while the subsequent dimensions (i.e., dimensions
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2-7) pertain to the associated parameters.

AP1 =
∑N

i=1
∑li

j=1
∑7

k=2(I(c1) · I(c2) · I(c3))∑7
k=2

∑N
i=1 |(P i[:, 1])|

c1 : P i[j, 1] = P̂ i[j, 1]

c2 : 0 ≤ P̂ i[j, k] ≤ 255

c3 : |P i[j, k] − P̂ i[j, k]| ≤ η

(5.5)

MSOT. The multiset similarity of operation types (MSOT) is a metric that
compares the similarity of predicted CAD operation types in a CAD program to those
in the ground truth CAD program, without taking the sequential order into account.
In mathematics, a set is defined as a collection of elements where the order of these
elements is irrelevant and duplicate elements are not permitted. Conversely, a multiset
follows a similar principle as a set, but it allows the inclusion of repeated elements.
Thus, a set can be seen as a special case of multiset where each element occurs only
once. To implement the MSOT, we adapted two commonly used metrics: Tanimoto
coefficient (TC) and cosine similarity (CS) in the Cheminformatics field for carrying
out molecular similarity calculations (Bajusz et al., 2015). As the order of the elements
in a multiset is not concerned in this case, we can represent a multiset as a vector,
where each element corresponds to the count of a particular element in the multiset.
For instance, in this study, we have a universe of elements for all the operation types
{0, 1, 2, 3, 4, 5, 6}, a multiset of a triangular prism {5, 0, 1, 1, 1, 4, 6} can be represented
by a vector [1, 3, 0, 0, 1, 1, 1] with each number representing the count of a particular
operation type. Denote a and b as the vectors of two multisets and the TC between
a and b can then be calculated as Equation (5.6), where a ·b denotes the dot product
between the two vectors (sum of the element-wise multiplication), || · || denotes the
Euclidean norm. CS measures the cosine of the angle between two vectors and CS
between a and b is calculated as Equation (5.7).

TC(a, b) = (a · b)/(||a||2 + ||b||2 − a · b) (5.6)
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CS(a, b) = (a · b)/(||a|| × ||b||) (5.7)

AP2. Similar to AP1, the accuracy of parameter2 (AP2) serves as the second
layer in the evaluation of CAD operations which can be similarly calculated using
Equation (5.5). Notably, in AP2, the assessment does not take into account the order
of operations. In this study, an operation type can occur multiple times in a CAD
program, such as the Line operation in a triangular prism. This introduces a challenge
regarding which instance of the Line operation in the predicted CAD program should
be matched with the corresponding instance in the ground truth CAD program for
parameter comparison. Despite this challenge, AP2 retains practical significance,
particularly in scenarios where there are no repeated elements in the CAD operations.
In addition, it is essential to maintain AP2 to preserve the integrity of the evaluation
system.

5.5 Experiments and Results

In this section, we introduce our experiments and results in detail. We begin
with the introduction to training data preparation, followed by our experiments on
different strategies of synthesizing datasets, different neural network architectures,
and then, the results.

5.5.1 Training Data Preparation

Based on the data synthesis pipeline outlined in Section 5.4.4, we developed
a collection of 5 template shapes (TS), as depicted in Table 5.5. These shapes are
crafted using Sketch-and-Extrude operations, detailed in Table 5.1. To create the
Sketch of each shape, we utilized Line, Arc, and Circle operations, and applied the
Extrude operation to generate the 3D volume of these shapes. TS 1-3 each correspond
to unique sequences of operation types, while TS 4 and 5 are associated with three
varied sequences. An example for each template shape is also presented.
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Table 5.5: Template shapes for the synthesis of training data
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We employ two distinct strategies for dataset preparation: (1) Random genera-
tion of CAD programs (i.e., dataset without rules): We assign random values to CAD
operation parameters for the template sequences. This randomness is within prede-
fined value ranges as outlined in Table 5.3. For example, for an add line(·) operation,
we randomly select a number from the range [−1, 1] to determine the coordinates
of endpoints. This method ensures diversity in the dataset by incorporating a wide
range of parameter values, reflecting various potential CAD designs. (2) Generation
of CAD programs with embedded design rules (i.e., dataset with rules): Contrary to
the random approach, this method involves parameter selection based on the design
rules that we defined. For example, the extrusion depth of a circle is determined
by the coordinates of its center point. This strategy mimics the purpose-driven pro-
cess typical of real-world design scenarios. By incorporating design rules into data
synthesis, we embed design knowledge in the data. This method is expected to test
how the embedded design principles would affect the effectiveness of CAD reconstruc-
tion from images. The combination of random generation and rule-based design in
dataset preparation allows for a comprehensive evaluation of our system’s capabilities
in varying scenarios.

Under each synthesis strategy, we synthesized 2,000 shapes corresponding to
every sequence type outlined in Table 5.5, except for the sequence of TS 1, for which
we synthesized 6,000 shapes. This was taken to ensure a balanced dataset in terms
of both the length of sequences and the number of shapes for each template shape
category. Consequently, this led to the creation of 22,000 CAD models for each
strategy. These models were derived by processing the synthesized CAD programs
through Fusion 360 software. For imaging purposes, all these 3D models were rendered
using a uniform perspective camera positioned at (20.0, 20.0, 20.0) looking towards
the origin (0.0, 0.0, 0.0) and all the images are in the resolution of 512 × 512 pixels.
This process resulted in the image set X = {xk}22000

k=1 . The corresponding feature
matrices Y = {yk}22000

k=1 were also saved during synthesis. The final training dataset
was {xk, yk}22000

k=1 .
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Figure 5.4: Implementation of the Image2CADSeq model. Two different encoder-
decoder architectures were explored in Stage 1: (1) Baseline model: a transformer-
based autoencoder (AE), adapted from DeepCADNet (Wu et al., 2021), and (2)
Enhanced model: a transformer-based variational autoencoder (VAE), which extends
the AE architecture. In Stage 2, the encoder is developed based on ResNet18 (He
et al., 2016), employing a dropout layer before the final layer to mitigate overfitting
and enhance generalization.
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5.5.2 Image2CADSeq Model Architecture and Training

In Figure 5.4, we illustrate the development of the Image2CADSeq model. The
construction of the model involved the application of target representation learning
techniques, commonly employing target-embedding autoencoders (TEA) that utilize
an autoencoder to obtain the latent representation of target objects (Jarrett and
van der Schaar, 2020). In a recent development, Li et al. (Li et al., 2022c) introduced
a target-embedding variational autoencoder (TEVAE) by extending the autoencoder
to a variational autoencoder (VAE). This approach has demonstrated superior effec-
tiveness in the cross-modal synthesis of 3D designs. However, their study did not
include an empirical comparison between the two architectures in terms of the gen-
erated results. Therefore, as part of our study’s contributions, we investigated two
models: 1) a baseline transformer-based AE and 2) an improved version in the form
of a transformer-based VAE for Stage 1. The aim was to compare their performance
and explore a better architecture for the Image2CADSeq model.

We modified the first and last layer of the transformer-based AE, adapted
from DeepCAD (Wu et al., 2021), to capture and reconstruct the feature matrices
of the CAD programs in this study. Its primary objective is to learn and interpret
the latent space of these matrices, providing a robust foundation for accurate fea-
ture representation. The AE model is used to establish a baseline for understanding
and processing the complex structures inherent in CAD designs. It uses a typical
reconstruction loss coupled with a regularization loss. Reconstruction loss ensures
accurate reconstruction of input features in the output, while regularization loss pre-
vents overfitting, promoting a more generalized model capable of handling various
CAD designs.

Extending the AE architecture, the VAE introduces a probabilistic approach
to encoding, which is tailored to construct a smoother latent space, surpassing the
AE in terms of flexibility and adaptability. The VAE employs a more complex loss
function with KL-divergence loss, reconstruction loss, and regularization loss. The
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KL-divergence loss is pivotal in managing the probabilistic aspect of VAE, ensuring
that the encoded distributions are effectively regularized. This, along with the re-
construction and regularization losses, forms a comprehensive approach to learning,
capturing both the variance and the intricate details of CAD sequences. Stage 2 of
the development incorporates an encoder based on ResNet18 (He et al., 2016). In
addition, a dropout layer is positioned between the encoder and the embedding vec-
tor layer to prevent overfitting to the training data, thus maintaining its efficacy on
unseen data. We utilized a regression loss between the embedding vector of the image
and its corresponding latent vector obtained from the latent space in Stage 1 and a
regularization loss to promote the generalizability of the Stage 2 encoder.

We divided each of the two training datasets, i.e., the dataset with or without
rules, into three subsets: train, validation, and test set with a proportion of 8:1:1.
The validation set was used to monitor the training process, preventing the model
from overfitting to the train set data and ensuring that the model’s generalization
capabilities to the unseen data, e.g., test set data. We employed a grid search strategy
in Stage 1 to find optimal hyperparameters of the neural network models and the
training, aiming to minimize the training loss while maintaining good generalizability
of the models. The AE and VAE models exhibited similar training trends, leading us
to use the same hyperparameter set for both models. In our experiments, for Stage 1,
a latent dimension size of 256 proved optimal for both models, resulting in the lowest
reconstruction loss for the test set data among trials with dimensions of 64, 128, 256,
and 512. Other hyperparameters include 500 epochs of training with a batch size
of 512, the Adam optimizer, and a learning rate of 0.001. Moving to Stage 2, we
initiated training with a pre-trained ResNet18 model (He et al., 2016) that possesses
a broad comprehension of various images. The S2 encoder was trained for 50 epochs
using the Adam optimizer with a learning rate of 0.0001 and a batch size of 128. A
dropout ratio of 0.4 was applied in the dropout layer.
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Figure 5.5: Evaluation of the Image2CADSeq model’s performance using two distinct
architectures with two datasets. (a) Case 1: Results from the network utilizing
the TEA architecture trained on the dataset without rules. (b) Case 2: Results
from the same TEA architecture but trained on the dataset with rules. (c) Case
3: Results using the TEVAE architecture trained with the dataset with rules. Each
figure illustrates the variation of the network’s performance metrics (shown in Table
5.4) versus the first n CAD operations in a CAD program. Specifically, a tolerance
η = 3 is chosen for metrics that involve the calculation of the accuracy of parameters,
such as ACP and AP1.

5.5.3 Results

In this section, we present the results of our experiments on the performance
of the Image2CADSeq model.

5.5.3.1 Overall Evaluation of the CAD Programs

Figure 5.5 provides a comparison of the Image2CADSeq model’s performance,
evaluated under two different architectures and two datasets. Specifically, there are
three subfigures, each representing a unique combination of architecture and dataset.
Figure 5.5 (a) illustrates the performance of the network when employing the TEA
architecture in conjunction with the dataset without rules. In contrast, Figure 5.5
(b) presents results derived from the same TEA architecture, but the network is
trained on the dataset with rules. We observed a significant improvement when
employing the dataset with rules for model training. Consequently, we tested the
TEVAE architecture using the dataset with rules only, and the results are presented
in Figure 5.5 (c).
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The figures illustrate the model’s performance across various metrics (as de-
fined in Table 5.4 (b)) when applied to the first n operations in a CAD program.
We limit n to 6 to encompass the longest template sequences. According to Table
5.5, the maximum length of the template sequences is 5 for CAD operations in ad-
dition to a non-CAD operation SOP , marking the start of a program. Typically,
higher metric values indicate superior performance, except for the EDSOT, where
lower values are preferable. To maintain a uniform direction of performance across
all metrics and enhance the readability of the plotting, we present the EDSOT in
its negative form in the figures. Furthermore, when calculating metrics related to
parameter accuracy, such as the accuracy of CAD programs (ACP) and the accuracy
of parameter1 (AP1), we introduce a tolerance level (η = 3). This tolerance accounts
for permissible deviations in the quantized continuous variables that have 256 levels
but does not extend to discrete variables, such as the sketch plane identifier that has
only 3 levels (refer to Table 5.3). The tolerance reflects the design problem’s criteria,
allowing certain margins of error in parameter predictions that can be customized in
different scenarios.

The metrics, classified into three hierarchical categories in Section 5.4.5, in-
clude the accuracy of CAD programs (ACP), the accuracy of the sequence of operation
types (ASOT), and the edit distance of the sequence of operation types (EDSOT)
for H1 sequence evaluation; the accuracy of the operation types (AOT) and the ac-
curacy of parameter1 (AP1) for the evaluation of the H2 sequence-based operation
type; and the multiset similarity of operation types (MSOT) for the evaluation of the
H3 set-based operation type. We analyze these results according to this hierarchical
structure.

Upon analyzing the results of Figure 5.5 (a) for the TEA trained using the
dataset without rules (referred to as Case 1), we observe a downward trend in all
metrics as the sequence length increases. This is intuitive, and predicting longer
sequences is inherently more difficult for the model. The ACP metric drops to zero
at n = 3, indicating that the model struggles to accurately predict the entire CAD
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program including both the operation types and parameters even when the sequence
is relatively short. Notably, the ACP’s decrease to roughly 0.4 at n = 2 suggests
the model’s specific difficulty in predicting the sketch plane given the input images,
because the second CAD operation—Sketch—defines the sketch plane’s position. In
addition, both ASOT and the negative EDSOT metrics exhibit declines beginning
with n = 3, together with the results of ACP, showing the limited sequence prediction
capability of the model when the sequences get longer.

Moreover, despite the model’s low values in H1 metrics and the low values
in AP1 of H2, it scores highly on the AOT metric of H2 and maintains high values
of MSOT-TC and MSOT-CS in H3. This discrepancy and inconsistency probably
result from the characteristics of the dataset, in which different shape categories
share similar CAD sequences (see Figure 5.5). For example, a ground truth (GT)
sequence of TS 3, [“S”, “A”, “A”, “A”, “E”], could be mistakenly predicted as a TS
4 sequence, e.g., [“S”, “L”, “A”, “A”, “E”] by the model. Although such a prediction
would be deemed as an incorrect sequence prediction when evaluated against ASOT,
it would score well (i.e., 4 correct and 1 incorrect operation type) in terms of AOT
due to the correctly predicted operation types. A dataset encompassing a broader
array of design objects with diverse sequences of CAD operations might mitigate
such discrepancies in the metric values, such as real-world designs collected from
human designers. More significantly, it underscores the need for a comprehensive
evaluation framework for image-to-CAD sequence prediction, ensuring that models
are thoroughly assessed from multiple perspectives. Otherwise, the results of the
performance of the models might be biased.

In Figure 5.5 (b), we show the performance of the TEA architecture trained
on the dataset with rules (referred to as Case 2), in contrast to the earlier results
in Figure 5.5 (a). In particular, this treatment improves significantly in most met-
rics, except for ACP and AP1. These exceptions, however, do not overshadow the
overall enhancement in the model’s ability to predict sequences accurately. Specifi-
cally, while ACP does not show a significant improvement, its slower rate of decline
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Table 5.6: Results when evaluated at the first 6 operations of the CAD programs

at n = 2 and 3 indicates an improvement in the model’s performance of predicting
sketch planes. Furthermore, although AP1 does not show a significant improvement,
it convergences to a higher value than the previous data treatment, suggesting an
improved performance in parameter prediction.

The significant differences between Figures 5.5 (a) and (b) highlight the pos-
itive impact that design rules can have on the performance of the model in Im-
age2CADSeq predictions. However, despite the improvement when including design
rules, the model still faces challenges in accurately predicting parameters.

Building upon the insights from the first two cases, we evolved our model from
TEA to TEVAE and trained it using the dataset with rules (referred to as Case 3).
The results of the TEVAE model are detailed in Figure 5.5 (c). It displays high
accuracy in most metrics similar to the baseline performance of the TEA model from
Case 2 but largely surpasses its performance in ACP and AP1. Particularly, the
ACP metric shows a significant improvement in the TEVAE model and achieves a
higher value at n = 3 (does not decrease to zero as in Case 2). The AP1 metric also
reveals an upward trend, settling at a higher value than previously seen with the TEA
model. For a more complete comparison of the three cases, we summarize the results
of all metrics at n = 6 in Table 5.6. This summary demonstrates that the TEVAE
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model, when trained using the dataset with design rules, not only surpasses the TEA
counterpart using the same dataset but also gives the best results across all metrics
evaluated in all three cases.

5.5.3.2 Analysis on the Overall Parameter Accuracy

The models demonstrate high accuracy in predicting the sequence of CAD
operations but are less precise in parameter prediction. To facilitate a clearer com-
parison between the three cases with respect to parameter prediction accuracy, we
have included Figure 5.6 to illustrate the relationship between parameter accuracy
and tolerance using metrics ACP and AP1.

Especially, in Figure 5.6 (b), the blue dashed line with triangle markers rep-
resents the AP1 value achieved by randomly guessing parameters given a specific
tolerance (i.e., the random model), but without considering the Sketch parameter
(i.e., the identifier of the sketch plane I) whose values are not allowed for tolerance.
We derived the equation for the random model in Equation (5.8). The equation can
be simplified to AP1 = (−η2 + 511η + 256)/65536. This line acts as a baseline to
evaluate the model’s effectiveness in accurately predicting parameters if the sketch
parameter is not considered.

AP1 = 1
256(

(2η + 1)(256 − 2η) + 2(2η(1+2η)
2 − η(1+η)

2 )
256 (5.8)

AP1 = 1
3 · 11

91 + (−η2 + 511η + 256)
65536 · 80

91 (5.9)

To consider the Sketch parameter I, we need to take into account the char-
acteristics of the dataset (i.e., the ratio of each parameter taken among all possible
parameters in the design representation of the CAD programs as outlined in Section
5.4.2). Accordingly, we obtain Equation (5.9) plotted as the red dashed line with
triangle markers in Figure 5.6 (b). Note that the number of the sketch parameter
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Figure 5.6: Overall parameter accuracy versus the tolerance levels evaluated using (a)
ACP and (b) AP1 for the three cases. Especially, for (b), we included the baseline of
the random prediction with or without considering the Sketch parameter I and the
ground truth line.
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Figure 5.7: The variation of AP1 versus tolerance for the operation parameters for
the Line, Circle, Arc, and Extrude operations, in that order. Column (a) shows the
results of the network that utilizes the TEA architecture and is trained on the dataset
without design rules. Column (b) shows the results of the same TEA architecture but
trained on the dataset with rules. Column (c) shows the results using the TEVAE
architecture and the dataset with rules.
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takes 11
91 of all parameters. Additionally, a green dotted line is used to indicate the

ideal scenario where the parameters are perfectly predicted with zero tolerance (i.e.,
GT). Other lines in Figures 5.6 (a) and (b) depict the corresponding metric values
for different cases, providing a comprehensive view of the model’s performance in
parameter prediction.

In both (a) and (b) of Figure 5.6, we consistently see that the metric values
increase with rising tolerance levels. A notable point in Figure 5.6 (a) is that the ACP
values for all three cases reach their highest at a tolerance of 255 and the corresponding
values are 0.432, 0.961, and 0.967 for each case, in accordance with the ASOT values
presented in Table 5.6. This can be interpreted as the result that when we evaluate
the entire CAD program in terms of ACP given that all parameters are accurately
predicted, we are essentially assessing ASOT. In Figure 5.6 (b), a crucial observation
is that all three lines exceed the baseline of the random guess of parameters. This
indicates that the models are effectively learning parameter prediction no matter if
there are design rules embedded in the training data or not.

Additionally, a significant observation in both figures is how differently the
models respond to changes in tolerance. Specifically, the TEVAE model, when trained
using the dataset with rules, exhibits the highest sensitivity to changes in tolerance
in contrast to Cases 1 and 2. This trend suggests that the TEVAE model excels in
parameter prediction compared to the TEA model. The accuracy of these predic-
tions depends on both the quality of the training data (for example, in this study,
differentiated by the inclusion or exclusion of design rules) and the architecture of
the model.

5.5.3.3 Analysis of Parameter Accuracy Based on Operation Types

To gain more insight into how the models perform in parameter prediction,
we plotted the variation of AP1 versus the tolerance for the operation parameters for
each CAD operation type. Spanning columns (a) to (c), the rows in each column
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show variations in AP1 against tolerance levels (η = 0 − 255) for specific parameters,
corresponding to different CAD operations, Line, Circle, Arc, and Extrude. These
results look into the model’s adaptability and accuracy across various CAD opera-
tions, providing a comprehensive understanding of its capabilities in different model
architectures and datasets. Each figure includes a red dashed line representing the
baseline as defined in Equation (5.8). In addition, the green dotted line illustrates the
perfect prediction of the parameters with zero tolerance. The other lines show the
AP1 for specific parameters related to the respective CAD operations. To facilitate
a more quantitative comparison of how well the parameters are predicted, we also
computed the area under the curve (AUC) for each parameter, as indicated in the
upper right corner of each figure.

Column (a), the result of Case 1, shows that the x, y coordinates of the center
of the Circle, the sweep angle α of the Arc, and the depth d of the Extrude align
closely with the baseline. This suggests that the TEA model, when trained on a
dataset without explicit design rules, performs similarly to random guessing for these
specific parameters. However, the model still demonstrates the ability to learn certain
patterns from the dataset, as evidenced by its recognition of the endpoint of the Line,
the radius of the Circle, and the endpoint of the Arc.

In Column (b) for Case 2, there is an evident improvement in all metric values
compared to Case 1. This improvement highlights the enhanced ability of the TEA
model to predict parameters. The significant distance of these values from the baseline
indicates that the model has effectively learned the design rules embedded in the
training data, enabling it to predict the corresponding parameters more effectively.

In Column (c), the results demonstrate an even better performance. All metric
values not only surpass those in Column (b), but they also show a further deviation
from the baseline, indicating a significant enhancement of the model’s predictive
performance. These values are closely approaching the ground truth (GT) line, un-
derscoring the refined ability of the TEVAE model to learn and apply the embedded
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design rules from the training data.

5.5.3.4 Overall Evaluation of the 3D CAD Models and Images

Figure 5.8 shows the summary of the parsing rate, intersection over union
(IoU), and mean squared error (MSE) outlined in Figure 5.4 of the three cases. We
perform an analysis of IoU and MSE by calculating the mean and standard deviation
for each metric in the table. Following this computation, we depict the distribution
of these values for each metric using a violin plot in Figure 5.8. These plots show
that the data distributions of the IoU and MSE values move toward improved perfor-
mance regions (i.e., higher values for IoU and lower values for MSE). Aligning with
our observations in the evaluation of the CAD programs, as introduced in previous
sections, the TEVAE trained using the dataset with design rules achieves the best
performance among all three cases.

We show some qualitative results from the Image2CADSeq model with the
TEVAE architecture in Figure 5.9. Subfigure (a) demonstrates near-perfect predic-
tions, characterized by a high degree of accuracy in both the shape category deter-
mined by the sequence of CAD operation types and the parameters that determine
the size and position of the shape. Subfigure (b) shows satisfactory predictions, where
the model correctly identifies shape categories, yet exhibits discrepancies in size and
position estimation. Subfigure (c) represents inadequate predictions, marked by the
model’s failure to accurately predict the categories of shapes. Each subfigure is ar-
ranged in a three-row format. The first row presents the initial input image. This
is followed by the second row, which showcases two elements: the predicted CAD
sequence and the rendered image of the resulting CAD model. The third row offers
a comparative visual analysis, where the ground truth 3D shape is illustrated in a
wireframe format against the predicted CAD model, rendered in solid.

The results indicate that the model is capable of generating a CAD sequence
to reconstruct a 3D CAD model by accurately capturing and integrating both the
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Figure 5.8: Parsing rate, intersection over union (IoU), and mean squared error (MSE)
of the three cases. To analyze IoU and MSE, the mean and standard deviation are
computed for each metric within the table. Subsequently, a violin plot is presented
illustrating the distribution of these computed values for each metric.

spatial positioning and the geometric details reflected in the input image. However,
there remains room for improvement, particularly in predicting the correct CAD se-
quence and especially the associated parameters, as also shown by the aforementioned
quantitative results.

5.6 Discussion

In this section, we discuss the insights obtained from the experiments as well
as the limitations of the current study.
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Figure 5.9: Qualitative analysis of Image2CADSeq model using TEVAE. (a) Near-
perfect predictions: High accuracy in shape, size, and position. (b) Satisfactory
predictions: Correct shape categories, and inaccurate sizes or positions. (c) Inad-
equate predictions: Wrong prediction of shape categories. Each subfigure includes
the first row - Input image; the second row - Predicted CAD sequence and rendered
image of the resultant CAD model; the third Row - Visual comparison between the
ground truth (wireframe) and predicted 3D model (solid).
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Figure 5.10: Validation experiments using real-world images. (a) 3D-printed design
objects; (b) Photographs (3024×4032 pixels) of the objects taken using a smartphone;
(c) Processed images (512×512 pixels) for the input to the Image2CADSeq model;
(d) Rendered images of the resultant 3D model from the predicted CAD sequence.
Unsuccessful cases are also shown.

5.6.1 The Impact of Design Rules

The results in Section 5.5.3 consistently show that the TEA model trained on
the dataset with rules outperforms the one without rules. This result underscores
the beneficial impact of design rules on the predictive performance of the model in
Image2CADSeq tasks.

This has three implications: (1) Compared to the dataset with randomly gen-
erated dimension information, the dataset that incorporates design rules introduces
latent patterns and relations for the model to learn. This suggests that our model is
effective in capturing those embedded rules and thus generating more accurate and
more realistic designs since real-world CAD models are often created with domain-
specific knowledge and design rules. (2) The inclusion of design rules can enhance
the model’s generalizability. It also plays a critical role in minimizing the probability
of creating unfeasible CAD designs. (3) Since practical CAD designs often follow
domain-specific standards and knowledge, data are therefore inevitably associated
with rules. Thus, the proposed method has strong practical implications.
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5.6.2 TEA VS. TEVAE

The improved predictive performance in TEVAE is due to the use of a varia-
tional autoencoder (VAE) that can capture the latent design representations of CAD
programs. The effectiveness of the TEVAE architecture is demonstrated through im-
proved performance across various metrics, significantly exceeding the results achieved
in the TEA model. The superior performance of the TEVAE model can be largely
attributed to the three advantages offered by VAEs. (1) Unlike traditional AEs, VAEs
create a latent space that follows a well-defined and continuous distribution, such as
the Gaussian distribution typically used. This design facilitates smoother interpo-
lation between data points, enhancing the capture of meaningful variations in CAD
designs. (2) The encoder in a VAE is more efficient in extracting relevant and promi-
nent features from CAD programs than a standard AE. This efficiency stems from
the VAE’s focus on capturing the underlying data distribution, rather than merely
replicating input data. (3) The inclusion of the KL-divergence term in the VAE’s
loss function helps reduce overfitting. It promotes the model to capture a broader
data distribution rather than memorizing specific instances. This enhances TEVAE’s
generalizability on new, unseen data.

5.6.3 Limitations and Future Work

It is indeed a challenge in our research to further improve the prediction ac-
curacy of operation parameters. An important observation from our experiments is
the near-perfect reconstruction capability in Stage 1 training with an accuracy of
the CAD program (ACP), up to 99.9%. However, the problem arises during Stage
2 training, which involves regressing the latent space learned in Stage 1 using im-
ages as input. The difficulty lies in aligning the latent representation of the image
with that of the CAD programs. To address this issue, we plan to explore modal
alignment techniques as introduced in the recent literature (Li et al., 2023b; Song
et al., 2020). They could offer a promising solution to unify different modalities in a
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single latent space to promote cross-modal synthesis. In addition, building upon the
initial two-stage training framework, incorporating an optimization pipeline stands
as a promising strategy to enhance the alignment between the CAD program out-
puts and the input images. Such an optimization process would iteratively refine the
generated CAD sequences, minimizing the discrepancy between the predicted CAD
programs and the intended design expressed in the input images. By leveraging tech-
niques, such as gradient descent, within this pipeline, the system could better adapt
the latent representations, leading to improved fidelity in the cross-modal synthesis.
This optimization could be guided by a loss function specifically designed to capture
the semantic differences between the generated CAD model and the image, possibly
utilizing differentiable rendering for direct feedback on the quality of the 3D model
as perceived from the image perspective.

We have been focused on synthesizing simple geometrical shapes, such as cylin-
ders and tri-prisms. While these basic geometries are fundamental to more complex
designs, our focus on them has limited the network’s capability to handle intricate,
real-world design tasks. Recognizing this, we acknowledge the need to train the
Image2CADSeq model with more diverse and complex datasets to tackle advanced
design challenges. We plan to collect more sophisticated geometries that mirror the
complexities encountered in actual design environments, often embodied as assemblies
comprising multiple interconnected components. To achieve this, we plan to explore
two primary strategies: (1) Enhancing our data synthesis pipeline: We intend to in-
tegrate a wider range of complex geometries into our current data synthesis pipeline.
This expansion will allow the network to learn from a broader spectrum of shapes
and structures, better preparing it for real-world applications. (2) Using real-world
design datasets: Another avenue involves harnessing datasets that include historical
CAD modeling process data. An example is the Autodesk Fusion 360 Gallery dataset
(Willis et al., 2021b), which offers a rich source of real-world design examples. Our
objective here is to extract CAD sequences that correspond to more intricate de-
signs, similar to the simplified CAD programs outlined in Table 5.2. This approach
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will enable the network to learn from actual design processes, further enhancing its
applicability to practical scenarios.

At the end of this study, we are curious about the model performance in real-
world applications where users can take photos of physical artifacts and instantly
transform them into CAD sequences. Therefore, we conducted a validation exper-
iment in which five types of template shapes, as listed in Table 5.5, were first 3D
printed as shown in Figure 5.10 (a). Then, high-resolution photographs (3024×4032
pixels) of these printed objects were captured using a smartphone, as shown in the
second row of Figure 5.10. Subsequently, these photographs were resized to 512×512
pixels to facilitate input into the Image2CADSeq model for the generation of CAD
sequences. The third row illustrates this preprocessing stage, while the fourth row
presents the rendered images of the resultant 3D models, including instances of unsuc-
cessful parsing. The parsing rate achieved in this experiment was 70%, mirroring the
proficiency level indicated in Figure 5.8. For the 3D models successfully parsed, four
were predicted as correct categories but with inaccurate parameters. The remaining
three were incorrectly predicted. This indicates that the model performance, when
using real-world 3D objects and their image data, is inferior, compared to using the
synthesized dataset (i.e., the 3D data generated in CAD) as reported in Section 5.

The result underscores the need for further enhancements in the Image2CADSeq
model to improve its accuracy in inferring the CAD representations of images of real-
world objects. In particular, enhancing the model’s ability to accurately predict
parameters is essential to improve the parsing rate. Moreover, to address the model’s
current limitation in handling various images with different colors, textures, perspec-
tives, or specific artistic styles, data augmentation methods, such as the incorporation
of objects in different colors and in various lighting conditions or backgrounds, could
be beneficial. Such treatments are expected to enrich the model’s training data and,
thereby, improve its ability to process a wider array of real-world image data.
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5.7 Conclusion

In this study, we developed a novel Image2CADSeq model to predict CAD
sequences from images. This network, exemplified by the performance of the TEVAE
model, aims to revolutionize design methodologies by enabling the conversion of im-
ages into CAD sequences. A CAD sequence offers more benefits than pure 3D CAD
models, such as greater flexibility in modifying CAD operations and managing the
historical process/knowledge of CAD model construction.

For training purposes, our focus is on synthesized data representing simple
shape primitives. In addition, we propose an evaluation framework that can com-
prehensively assess model performance. The results obtained are very promising, yet
improvement can still be made. Therefore, our future efforts will be directed towards
(1) Enhancing geometric complexity. We will expand the model’s capabilities to en-
compass a broader spectrum of geometries. This expansion aims to align the model
more closely with those in real-world design applications; (2) Incorporating diverse
design data. A key area of development involves the integration of more varied and
realistic design datasets. This can greatly facilitate the machine learning process; (3)
Advancing training methodologies. We plan to explore innovative network architec-
tures and training methodologies to improve the efficiency and adaptability of the
model; (4) Incorporating industry standards. Engaging with industry experts will be
crucial to guide the development of the model. Their insights will ensure that the
model meets practical needs and adheres to industry standards.

In summary, the proposed approach has potential to lead to transformative
changes in existing CAD systems, revolutionizing the product development cycle.
Additionally, it has the potential to promote the democratization of design, allow-
ing people with limited experience or expertise to actively participate in CAD. For
example, this approach can help regular customers engage in product design and
concept generation, promoting personalized design and creation and human-centered
generative design (Demirel et al., 2023b; Li et al., 2023b).
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Chapter 6: LLM4CAD: Multi-Modal Large
Language Models for Three-Dimensional

Computer-Aided Design Generation

Abstract
Little is known about the ability of multimodal LLMs to generate

3D design objects, and there is a lack of quantitative assessment.

In this study, we develop an approach to enable two LLMs, GPT-4

and GPT-4V, to generate 3D CAD models (i.e., LLM4CAD) and

perform experiments to evaluate their efficacy. To address the chal-

lenge of data scarcity for multimodal LLM studies, we created a

data synthesis pipeline to generate CAD models, sketches, and im-

age data of typical mechanical components (e.g., gears and springs)

and collect their natural-language descriptions with dimensional in-

formation using Amazon Mechanical Turk. We positioned the CAD

program (programming script for CAD design) as a bridge, facili-

tating the conversion of LLMs’ textual output into tangible CAD

design objects. We focus on two critical capabilities: the generation

of syntactically correct CAD programs (Cap1) and the accuracy of

the parsed 3D shapes (Cap2) quantified by intersection over union.

The results show that both GPT-4 and GPT-4V demonstrate great

potential in 3D CAD generation. The potential of multimodal LLMs

in enhancing 3D CAD generation is clear, but their application must

be carefully calibrated to the complexity of the target CAD models

to be generated.
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6.1 Introduction

The emergence of large language models (LLMs), including the generative
pre-trained transformer (GPT) series (Brown et al., 2020), represents a significant
advancement in the capabilities of artificial intelligence (AI) to interact with the
world. These models, trained on vast datasets, exhibit remarkable proficiency in
“understanding” the nuances of human language and generating text that mirrors
human-like communication (Kasneci et al., 2023). However, the inherent vagueness
of natural language continues to pose a significant challenge, especially when it comes
to conveying complex instructions to LLMs. To this end, cutting-edge multimodal
LLMs, such as OpenAI’s GPT-4 Vision (GPT-4V) (OpenAI, 2023a) and Google’s
PaLM-E (Driess et al., 2023), have been proposed. These models are designed to
process more input modalities besides text, such as images, thereby broadening how
users can interact with LLMs for more sophisticated tasks.

The utility of LLMs in processing natural language data has extended their
application in design research for conceptual design (Kocaballi, 2023; Filippi, 2023;
Ma et al., 2023). One particular limitation of these studies is that they use textual
information only as the input. However, it might be difficult to effectively describe
intended design artifacts and associated parameters through text only, which often
encompass the structural and layout specifications of a component and the desired
shapes of the component. Furthermore, conceptual design is inherently multimodal,
frequently incorporating visual elements ranging from sketches for design ideation
to engineering drawings for fabrication and assembly (Li et al., 2023b; Song et al.,
2023c).

Therefore, recent design research emphasizes the significance of multimodal
machine learning (MMML) in improving the conceptual design by integrating diverse
modalities (Li et al., 2023b; Song et al., 2023c; Li et al., 2022c). Multimodal input,
such as images and sketches beyond texts, could potentially improve LLMs’ perfor-
mance in understanding designers’ intent, thus generating more precise and quality
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design output. Therefore, multimodal LLMs that can take multiple input modalities
have great potential for their application in AI-assisted conceptual design, promising
to revolutionize design tools and human-AI collaborative design. However, to our
knowledge, no quantitative evaluation has been performed to assess the efficacy of
multimodal LLMs in the CAD generation of 3D shapes for conceptual design.

To fill this research gap, we develop an approach to enable multimodal LLMs
for 3D CAD Generation (hereafter referred to as LLM4CAD) and conduct a quan-
titative analysis to evaluate LLM4CAD’s effectiveness in conceptual design. Specif-
ically, we seek to understand the capabilities of multimodal LLMs to generate high-
quality 3D design concepts with precise dimensions and to identify strategies to im-
prove their capabilities. This study is driven by two research questions (RQs): 1) To
what extent can multimodal LLMs generate 3D design objects when employing differ-
ent design modalities or a combination of various modalities? 2) What strategies can
be developed to enhance the ability of multimodal LLMs to create 3D design objects?

To enable LLM4CAD, one technical challenge is that LLMs cannot directly
create 3D shapes, such as meshes, voxels, and boundary representations. However,
LLMs can generate programming codes. Therefore, we developed an approach to
enable an indirect synthesis of 3D design objects by generating CAD programs (Nelson
et al., 2023). To quantitatively evaluate the performance, we propose a data synthesis
pipeline along with an evaluation framework. This evaluation specifically focuses on
two capabilities. Cap1: the success rate of the generated programming codes in
program-to-CAD translation, and Cap2: the extent to which these resultant 3D
design objects align with the ground-truth shapes. We summarize our contributions
as follows.

1. This study created a new CAD dataset of five categories of mechanical compo-
nents (i.e., shafts, nuts, flanges, springs, and gears with diverse geometry com-
plexity) for multimodal LLMs, including textual descriptions, sketches, images,
and 3D CAD models. In particular, textual descriptions of the target design
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objects are in natural languages with detailed dimensional information collected
with Amazon Mechanical Turk (AMT) 1, an online crowdsourcing platform.

2. The effectiveness of the GPT-4 and GPT-4V models in 3D design generation was
evaluated, and new knowledge of their strengths and limitations was obtained.

3. A new method was developed and implemented to enhance the GPT models’
proficiency in generating 3D CAD models. Specifically, we develop a debugger
to correct syntax errors in the synthesized CAD programs to improve their
success rate of being translated to 3D CAD models.

We found that GPT-4 and GPT-4V models have demonstrated the signifi-
cant potential of LLM4CAD especially when enhanced by the proposed debugger.
However, they still struggle with handling complex geometries. Additionally, GPT-
4V’s performance was examined with four input modes including text-only, text with
sketch, text with image, and a combination of text, sketch, and image. The results
show that on average GPT-4V particularly excels when processing purely text-only
input, outperforming multimodal inputs in both Cap 1 and Cap 2. This observation
is counterintuitive because a prevailing belief in the field of MMML is that incor-
porating varied input modalities should improve a machine learning (ML) model’s
predictive accuracy due to an increased amount of information for learning and infer-
ence. However, when examining category-specific results of mechanical components,
multimodal inputs start to gain prominence with more complex geometries (e.g.,
springs and gears) in both Cap 1 and Cap 2.

Based on these observations, it is clear that the current multimodal LLMs
(e.g., GPT-4V) still face limitations in handling multimodal inputs for generating 3D
CAD objects. However, the detailed insights from the category-specific results show
that multimodal inputs become more effective as the complexity of design objects

1https://www.mturk.com/
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increases. Therefore, these limitations do not diminish their potential benefits in real-
world design scenarios characterized by complex objects. The ability of multimodal
LLMs to process diverse input modalities remains a promising avenue for enhancing
3D CAD generation technologies.

The remainder of this paper is organized as follows. In Section 6.2, we provide
an overview of the background related to multimodal machine learning and LLMs
for engineering design. Section 6.3 outlines the methodology for data collection and
generation, as well as the evaluation of multimodal LLMs. Subsequently, Sections
6.4 and 6.5 present, analyze, and discuss the experimental results, from which we
summarize the primary findings and acknowledge limitations. Conclusions and closing
remarks are made in Section 6.6, where we present key insights and suggest potential
directions for future research.

6.2 Literature Review

In this section, we review the most relevant literature to our work including
multimodal machine learning and large language models for engineering design.

6.2.1 Multimodal Machine Learning in Engineering Design

Multimodal machine learning (MMML) approaches exhibit significant promise
in enhancing the field of engineering design, as evidenced by recent review studies (Li
et al., 2023b; Song et al., 2023c). Specifically, when confronted with inputs comprising
multiple modalities, such as a combination of text and sketches, MMML techniques
can integrate this information through a process known as multi-modal fusion. This
fusion enables integrating data from diverse modalities to facilitate prediction tasks
such as regression or classification. The application of multimodal fusion in different
areas (e.g., audio-visual speech recognition, image captioning) is becoming popu-
lar(Baltrušaitis et al., 2018). The data from different modalities can supplement each
other, aiding in increasing the accuracy of predictions. Even if one modality is miss-
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ing, predictions can still be viable. While there might be overlap in information from
multiple modalities, this redundancy can strengthen the reliability of the predictions
(Baltrušaitis et al., 2018).

Despite these advantages, the extent to which multimodal fusion can enhance
engineering design remains largely unexplored, with only a few pioneering works look-
ing into this area (Song et al., 2023a; Su et al., 2023). For example, Song, Miller, and
Ahmed (Song et al., 2023a) pioneered a multimodal learning model that integrates
sketch and textual description modalities using a cross-attention mechanism. This
approach facilitated a comprehensive assessment of design concepts, revealing that
MMML significantly enhances the model’s predictive and explanatory capabilities.
The findings underscore the advantages of employing multimodal representations in
conceptual design evaluation.

MMML for engineering design is still in its initial stage, presenting ample
opportunities for extensive research exploration into the theory and methodology
for enhancing design evaluation and generation. Our study investigates multimodal
large language models (LLMs)’ capability to generate 3D design concepts when taking
multiple design modalities (e.g., a combination of text, image, and sketch) as input
compared to unimodal input (e.g., text), contributing to the field of MMML for
engineering design.

6.2.2 Large Language for Engineering Design

Natural language processing (NLP) is a foundational technology in AI ad-
vancements, primarily focusing on enabling computers to understand and interact
with humans using natural language (Chowdhary and Chowdhary, 2020). Building
upon the foundation of various NLP technologies, the emergence of LLMs such as
the generative pre-trained transformer (GPT) series (Brown et al., 2020) marks a
significant leap in AI proficiency.

A remarkable example of LLMs is ChatGPT (Cha, 2022), launched in 2022 by
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OpenAI. ChatGPT, an advanced Chatbot built upon the GPT-3.5 model, provides
detailed and structured responses based on specific user prompts. Its capabilities span
a broad spectrum of language understanding and generation tasks, including multi-
lingual translation, creative writing, and programming code creation and debugging.
A distinctive feature of ChatGPT is its ability to recall previous conversation seg-
ments, enabling more coherent and sustained interactions (Wu et al., 2023b; Ray,
2023). ChatGPT is the state-of-the-art LLM and stands apart from earlier NLP and
LLM tools due to its exceptional conversational skills and reasoning abilities across
various domains (Wu et al., 2023a; Haleem et al., 2022; Abdullah et al., 2022).

Researchers have been examining how ChatGPT can be applied to enhance
the engineering design process, from conceptual design to manufacturing (Filippi,
2023; Kocaballi, 2023; Wang et al., 2023; Makatura et al., 2023; Nelson et al., 2023;
Wu et al.). For instance, Kocaballi (Kocaballi, 2023) undertook a hypothetical design
project that leveraged ChatGPT to create personas in the roles of designers or users.
The approach facilitated various design-related activities, including conducting user
interviews, generating design concepts, and evaluating user experiences. However,
these studies primarily focus on the text generation capabilities of LLMs by taking
textual input. Taking the generation of design concepts as an example, it can be
advantageous to employ the generated text for brainstorming design ideas (Ma et al.,
2023). However, translating these conceptual ideas into concrete 3D designs still
presents a significant challenge.

While LLMs’ ability to directly generate 3D objects (e.g., meshes, voxels,
and boundary representations) seems limited, an alternative approach involves the
generation of 3D designs using CAD programming languages such as CADQuery and
OpenSCAD. This can be achieved by exploiting LLMs’ capacity for program synthesis
(Gulwani et al., 2017) and some research has been investigating the potential of LLMs
in producing 3D designs through CAD programs, which involves interpreting human
language instructions and converting them into CAD designs (Makatura et al., 2023;
Nelson et al., 2023). Nevertheless, these studies are still limited to textual descriptions
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for the design intent and it is often challenging to convey complex tasks solely through
text.

The evolution of OpenAI’s GPT architecture, transitioning from the text-only
GPT-3.5 and GPT-4 to its multimodal successors, GPT-4 Vision (GPT-4V) (Ope-
nAI, 2023b,a; Ray, 2023) marks significant advancements. It offers opportunities
to incorporate multiple modalities besides text. However, little is known about its
practicality in and for engineering design, such as 3D CAD generation. That mo-
tivates our study to conduct a quantitative analysis on to what extent multimodal
LLMs can generate 3D design objects when employing different design modalities or
a combination of various modalities. We employed GPT-4 and GPT-4V as examples
of unimodal and multimodal LLMs for our experiments due to their acknowledged
outstanding performance.

6.3 Methodology

We develop an approach to enabling LLM4CAD by taking various design
modalities and assessing the extent of their capabilities, as shown in Figure 6.1. This
approach consists of three major steps: 1) Data Synthesis: multimodal design data
collection and generation, 2) Code Generation: CAD program code generation, and
3) Evaluation: the evaluation of 3D CAD model generation in terms of success rate
and precision.

For clarity of illustration, we consider a gear as a representative 3D design
object. The process begins with the generation of ground-truth (GT) 3D CAD mod-
els, dimensional data is recorded alongside the generation process. Direct rendering
techniques can be employed to obtain images from the 3D shapes. Meanwhile, tex-
tual descriptions incorporating dimensional information, and sketches can be acquired
through automated algorithms or human involvement. With the input data in three
design modalities (i.e., text, image, and sketch), we evaluate the capability of the
GPT-4 and GPT-4V models to generate CAD programs which are then parsed into
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Figure 6.1: The overview of our approach

3D shapes. The quality of the resulting 3D shapes is then benchmarked against the
GT shapes to gauge the efficacy of generation. In addition, we proposed a debugger
to enhance the models’ capabilities in CAD program generation.

6.3.1 Data Synthesis

We choose mechanical components as target 3D objects given their pivotal role
in engineering design. Upon examining the literature and online resources, we could
not find any CAD model dataset of mechanical components that incorporates multi-
ple design modalities and detailed dimensional information. The existing datasets of
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mechanical components (Kim et al., 2020; Lee et al., 2022; Manda et al., 2021) do not
provide essential dimensional data. Therefore, they are not appropriate for this study
because a quantitative evaluation of the generated CAD models is impossible since
no dimensional information can be provided to LLMs as input. This motivates us
to develop a new synthesis pipeline for CAD objects with detailed dimensional infor-
mation. Such a dataset would benefit various machine learning tasks in engineering
design, where the details of the design specifications are critical.

As shown in Figure 6.2, a semi-automated pipeline for Data Synthesis is de-
veloped to generate the textual descriptions, images, sketches, and GT 3D shapes
of five common types of mechanical components: shafts, nuts, flanges, springs, and
gears. They were chosen for their popularity in engineering design and their varying
levels of complexity, allowing us to test the robustness of our approach and investigate
how geometric complexity would influence the results. The complexity of mechanical
components in our research is determined by the solvability of the design problem
(Summers and Shah, 2010) based on the results of our trials and errors. The solvabil-
ity refers to the capability of LLMs to formulate a CAD program to meet the input
design requirements. Generating CAD programs for components such as shafts, nuts,
and flanges, which primarily utilize Sketch and Extrude operations in CAD, is rela-
tively simple. However, we find that the creation of CAD programs for springs and
gears presents significant challenges. This complexity arises from the need to employ
the Evolve CAD operation for springs, and integrate auxiliary Python libraries or
conduct complex calculations for determining the profiles of gear teeth. Thus, in this
paper, we refer to shafts, nuts, and flanges as simple geometries while springs and
gears are complex geometries.
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Figure 6.2: The pipeline for Data Synthesis
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6.3.1.1 3D Shapes, Images, and Sketches

Using CADQuery (Version 2.3.1) 2, a Python-based CAD programming lan-
guage, we created five distinct Python classes, each corresponding to one of the me-
chanical component categories. In each class, the design is parameterized, so a variety
of designs can be generated from a defined design space. An example of the classes
is given in Figure 6.2. To achieve uniform sampling of the design space, we employed
Latin Hypercube Sampling (McKay et al., 2000) of design parameters (such as the
external diameter and height of a nut). For shafts, we synthesized 250 shapes for each
of the four types of shafts (with each type having 2, 3, 4, and 5 sections, respectively),
totaling 1,000. For the other four components, 1,000 shapes for each are created. The
dimensional information of these shapes was recorded alongside the GT 3D models.
A piece of the dimensional information of a nut is given in the figure.

The 2D image representation of these 3D shapes is obtained from computer
rendering. Subsequently, sketches of these images were produced by sketch-style
rendering using OpenCV. Although hand sketches of mechanical components from
human participants would be a better data source for research validity, the efficiency
and effectiveness of rendered sketches from computer algorithms have been demon-
strated (Manda et al., 2021). With the consideration of such trade-offs, we decided
to use computer renderings for the sketch data.

6.3.1.2 Textual Descriptions With Dimensional Information

It is feasible to synthesize textual data integrated with dimensional information
from images via GPT models (Luo et al., 2024). However, as we need to input this
textual data into GPT models for analysis, it might introduce a risk of biasing the
results. To that end, we tested the other popular automatic captioning methods, such
as the Contrastive Language-Image Pretraining (CLIP) model (Radford et al., 2021),
but found the results unsatisfactory for mechanical components.

2https://cadquery.readthedocs.io/en/latest/installation.html
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Figure 6.3: An example of the HITs on Amazon Mechanical Turk
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To mitigate this and ensure the quality of the textual data, we chose to crowd-
source textual descriptions through Amazon Mechanical Turk (AMT), a platform
renowned for its efficacy in gathering data across a broad demographic spectrum.
This diversity, spanning geographical, cultural, and age-related differences, is crucial
for the richness of our dataset and aligns with established precedents in engineer-
ing design research for collecting data on human subjects (Mason and Suri, 2012;
Lopez et al., 2018). We designed human intelligence tasks (HITs) on AMT to recruit
participants for our study. These individuals were instructed to describe mechanical
components in natural language based on provided images. A critical requirement of
these descriptions was the incorporation of specific dimensional information, which
was presented alongside the images. This approach ensures that our data collection
method not only captures the varied interpretations of mechanical components but
also includes precise dimensional information, enhancing the utility and accuracy of
the dataset.

For the five distinct mechanical component categories — shafts, nuts, flanges,
springs, and gears — each category is represented by a unique standardized image
for visual depiction within a HIT. Specifically, the category of shafts is further distin-
guished by incorporating four separate HITs and each HIT with a standardized image.
These images correspond to the four distinct types of shafts, which are categorized
based on the number of sections they contain. Thus, eight HITs were created and
published, corresponding to the four types of shafts and the other four mechanical
components as aforementioned. We published 1000 assignments for each category of
the mechanical components (250 for each of the 4 HITs of shafts (250 × 4) and 1000
for each of the other 4 HITs). Within a single HIT, every assignment featured the
same image with its dimensional information. According to the rules of AMT, once
a participant completes an assignment within a HIT, they cannot work on the other
assignments within the same HIT, thereby avoiding repetitive responses. An exam-
ple of an assignment under the HIT for triple-section shafts is shown in Figure 6.3.
Accompanying each image, a piece of dimensional information describing the compo-
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nent is provided. Annotations are included on each image to highlight key features of
the mechanical components to clarify the relationship between the dimensional infor-
mation and the component’s features. Furthermore, an example of a bearing pillow
block with a human’s description incorporating dimension information is provided as
a reference to aid participants in understanding the task’s requirements.

After completing the data collection via AMT, we conducted a cleaning pro-
cess for the textual data to ensure the accuracy, consistency, and relevance of the
information provided by the participants. Approximately 67% of the responses were
deemed to be of high quality. The final dataset included a collection of textual de-
scriptions: 628 for shafts, 671 entries for nuts, 692 for flanges, 679 for springs, and 661
for gears. After cleaning, we replaced the generic dimension information within the
textual descriptions with specific, accurate specifications paired with the correspond-
ing mechanical components. The integration of dimension information is expected to
significantly enhance the richness and applicability of our dataset. The statistics of
textual data and representative samples are presented in Table 6.1.

6.3.2 Code Generation and Debugger

We show the pipeline of the Code Generation, and Evaluation processes in
Figure 6.4. The experiment was conducted by utilizing the models’ application pro-
gramming interface (API) and instructing them to generate CAD program code via
CADQuery. Similar to the generation of GT 3D shapes, we employed Version 2.3.1
for CADQuery here as well. To interact with the OpenAI API model, we assign a
persona to it, defining it as an AI assistant specialized in designing 3D objects with
CadQuery. We initiate the request with a combination of a description and a specific
prompt. The given prompt instructs: “Generate CadQuery code to construct the
specified mechanical component. The code must exclusively utilize CadQuery and
can not incorporate any other CAD design packages or software, ultimately export-
ing the component as an STL file.” The resulting CAD program was subsequently
converted into 3D shapes for analysis.
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Table 6.1: Statistics of the textual data collection and cleaning process accompanied
with representative examples
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Figure 6.4: The pipeline for Code Generation, and Evaluation
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Figure 6.5: The process of generating CAD program code using GPT models with a
debugger that can iteratively correct the syntax errors (if any) of the CAD program
code. The bolded lines indicate the information flow of the debugging process.

To enhance the quality of the GPT models’ output, we proposed a debugger as
shown in Figure 6.5 integrated with the “forward pass” as described previously. The
initial prompts (e.g., textual, image, and sketch data) conceivably represent user in-
puts, commands, or parameters that directly influence the code synthesis mechanism.
The “forward pass” ends after executing the generated CAD program code no matter
if the execution is successful or not, which is used to test the inherent capability of
GPT models. For the “debugging process,” the code is subjected to an execution trial
to ascertain its functional integrity. In the event of a successful execution, the pro-
cess will be terminated. Conversely, an unsuccessful execution indicates the presence
of syntax errors within the code, requiring the activation of the debugger. Syntax
errors encompass a spectrum of programming language misuse, such as typographi-
cal errors to the misapplication of language constructs. The “debugging process” is
an iterative procedure dedicated to the identification and correction of errors in the
code. Both the previous conversation content (including the user requirements and
GPT’s responses) and the associated error messages are fed to the same API for the
“debugging process”. This recursive process is imperative to refine the CAD program
code, ensuring its accuracy and reliability before finalization.
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6.3.3 Evaluation

We employed two key metrics to quantify the capabilities of LLM4CAD: the
parsing rate for Cap1 and the intersection over union (IoU) for Cap2. The parsing
rate metric evaluates the extent to which the generated CAD program code could be
parsed successfully without errors, acknowledging that generating error-free code by
GPT models is not guaranteed. Upon successful parsing, the quality of the resulting
3D shapes is measured against the GT shapes by calculating the IoU, thus providing
a quantifiable measure of the generation accuracy relative to the input modality.
The IoU metric, a critical measure of accuracy, quantifies the overlap between the
generated shape and the GT shape as a ratio of their intersection to their union. This
metric is widely used and particularly insightful for evaluating the geometric fidelity
of the generated designs relative to the GT. Given our focus on the geometry of the
generated shapes rather than their positions within a given space, we implemented
a pre-step to align the principal axes of the generated shapes with those of the GT
shapes by rotation and translated the generated shapes to align their centroids with
those of the GT shapes. This transformation process ensures that the calculation of
IoU is based only on the geometric accuracy of the shapes, excluding any discrepancies
that might arise from their positioning or orientation.

6.4 Experiments and Results

In this section, we introduce the experiment details and the results.

6.4.1 Experiment Details

The details of our experiment settings are outlined in Table 6.2. We conducted
a comparative analysis between GPT-4 and GPT-4V. The API models “gpt-4-1106-
preview” and “gpt-4-1106-vision-preview” were employed for GPT-4 and GPT-4V,
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Table 6.2: Details of the experiment settings

respectively 3. These represented the most up-to-date versions of the API available
at the time of our study. While GPT-4 accepts only textual input, GPT-4V can
process both textual and rasterized data inputs. We explored various modalities and
combinations thereof as inputs for the GPT-4V model. In theory, there are other pos-
sible input modes (such as sketch only and sketch + image). However, they do not
provide dimensional information from the textual descriptions for the GPT models
and cannot fulfill our objective of conducting a quantitative comparison between the
generated 3D design objects and their GT counterparts. As a result, our selection was
strategically narrowed down to input modes that include textual descriptions, ensur-
ing the necessary dimensional data is available for accurate analysis and comparison.
In both scenarios, we first assessed GPT models’ inherent capabilities, followed by
the implementation of the debugger to evaluate its effectiveness in improving model
performance. Specifically, we limited the debugging process to three times in the
current study.

3https://platform.openai.com/docs/models/overview
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Figure 6.6: Results of the parsing rate for the five categories of shafts, nuts, flanges,
springs, or gears. (a) GPT-4 VS. GPT-4 + Debugger with text-only input; (b) GPT-
4V model; (c) GPT-4V + Debugger.
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6.4.2 Results

In this section, we present the results of the parsing rate and IoU. Additionally,
we show examples to qualitatively compare the generated 3D design objects with their
corresponding ground-truth (GT) shapes.

6.4.2.1 Results of the Parsing Rate

Figure 6.6 shows the results comparing the parsing rates of the GPT-4 and
GPT-4V models in various categories of mechanical components with or without the
debugger. The average parsing rate values of both models are also annotated in the
figure. Overall, there is a variance in model performance relative to the complexity of
the mechanical components being parsed. Both models demonstrate higher efficacy in
generating code for simple geometries, such as shafts, nuts, and flanges, than complex
geometries (e.g., springs and gears).

Figure 6.6 (a) details the performance of the GPT-4 model when processing
text inputs. It is observed that the inclusion of a debugger significantly enhances the
model’s parsing rate. In Figure 6.6 (b), the analysis extends to the GPT-4V model
dealing with multiple input modalities, including text-only, text with sketch, text
with image, and a combination of text, image, and sketch. In terms of the average
parsing rate, the GPT-4V model achieves its highest performance with the text-only
input mode, while the results are relatively consistent across the other three input
types. For each category of the mechanical components, the text-only input achieves
the best in shafts, nuts, and flanges. However, when dealing with more complex
geometries (e.g., springs and gears), multimodal input modes are better than or as
good as the text-only input. For example, the input of text with image is the best
in gears, and the input using the combination of text, sketch, and image achieves the
best in springs.

The result of the comparison between Figures 6.6 (b) and (c) mirrors the
trend observed in the GPT-4 model, demonstrating an improved parsing rate with
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the introduction of a debugger. In addition, Figure 6.6 (c) shows the difference in
the average parsing rate across the four input modes is reduced and these values
are approaching a similar level. In addition, for the category-specific results, the
four input modes achieve similar levels of parsing rate values for each category. The
pattern that the text-only input is dominant over the other three input modes for
simple geometries as observed in Figure 6.6 (b) no longer holds. Multimodal input
modes become more effective for both simple and complex geometries by introducing
the debugger.

A comparative analysis focusing on text-only inputs between the GPT-4 and
GPT-4V models indicates a significant difference in performance. Specifically, the
GPT-4V model exhibits a higher average parsing rate (0.525) compared to its GPT-4
counterpart (0.517). However, this advantage diminishes upon the integration of a
debugging process (0.711 for GPT-4 VS. 0.710 for GPT-4V).

6.4.2.2 Results of the Intersection Over Union

Figure 6.7 shows the performance evaluation of the GPT-4 model, presenting
(a) an overview of the average performance and (b) a detailed breakdown of the
performance by component category. In terms of overall performance shown in Figure
6.7 (a), there is a significant decrease in the average IoU upon inclusion of the debugger
with statistical analysis (P-value=0.013 obtained from an independent T-test). On
the other hand, when examining the performance across specific component categories
in Figure 6.7 (b), the P-values are 0.511, 0.321, 0.378, 0.951, and <0.01 for shafts,
nuts, flanges, springs, and gears, respectively as summarized in Table 6.3. Significant
difference is only detected for gears but there is no significant difference for the other
four categories.

Figure 6.8 (a) provides a comprehensive summary of the GPT-4V model’s
overall performance across distinct input modalities. As summarized in Table 6.3
(a), when evaluating the impact of the debugger for each input mode, significant
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Figure 6.7: Results of IoU of (a) the overall performance and (b) the category-specific
performance of the GPT-4 model
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Table 6.3: Summary of the P-values of statistical analysis for the IoU values: (a)
T-test for the effects of including the debugger for either GPT-4 or GPT-4V, (b)
One-way ANOVA for the effects of different input modes when using GPT-4V with
or without the debugger
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Figure 6.8: Results of IoU of (a) the overall performance and (b) the category-specific
performance of the GPT-4V for four input modes
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Figure 6.9: Examples of flawed geometry generated by the GPT-4V model

differences are observed between GPT-4V and GPT-4V + Debugger (all P-values
< 0.05 using an independent T-test). This result suggests that the introduction of
the debugger may inadvertently affect the precision of generated 3D design objects.
However, in general, there is no significant difference when examining the category-
specific results, except for the following two cases: (1) gears for GPT-4 and (2) flanges
for GPT-4V when using the text+image input mode.

Additionally, as shown in Table 6.3 (b), a one-way ANOVA is applied to the
GPT-4V results, revealing a statistically significant difference (P-value < 0.01) be-
tween the different input modes. Subsequent pairwise comparisons were conducted
using Tukey’s Honestly Significant Difference (HSD) test to pinpoint the specific
modalities that exhibit significant discrepancies. The analyses indicate that the text-
only input mode achieved higher IoU values compared to the other three input modes.
This trend persists after integrating a debugger into the GPT-4V model, further so-
lidifying the text-only mode’s superior performance. Nonetheless, when examining
the category-specific results, except for certain simple geometries (e.g., nuts for both
GPT-4V and GPT-4V + Debugger, shafts for GPT-4V, and flanges for GPT-4V +
Debugger) where the text-only input achieves significantly higher IoU values indicated
by the Tukey’s HSD tests. Especially, for more complex geometries (i.e., springs and
gears), text-only input is not superior to the multimodal input modes.
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Furthermore, a comparative analysis between the GPT-4 and GPT-4V models
focusing on the text-only input mode indicates the GPT-4V model exhibits a signifi-
cantly higher IoU score compared to GPT-4 (P-value<0.01). This trend persists even
when a debugger is incorporated (i.e., GPT-4 + Debugger VS. GPT-4V + Debugger).

6.4.2.3 Qualitative Results

Figure 6.9 presents the flawed geometries generated by the GPT-4V model
within five distinct component categories compared to the GT shapes. For shaft
components, the issue is the exclusion of multiple shaft sections. In the context of
nuts, the prevalent error consists of producing a circular nut instead of the specified
hexagonal configuration. This issue could stem from the GPT models’ limitations
in generating CAD programs that require a sequence of precise operations. For in-
stance, forming a hexagon needs six distinct steps involving the Line operation, with
a specific angle between each segment. This process demands a high degree of ac-
curacy and an understanding of geometric principles that may be difficult for GPT
models to replicate. In contrast, GPT models may find it much easier to utilize a
Circle operation to create the base shape so they “slept on the job”. For flanges,
the geometric fault is the omission of the flange’s borehole. In the case of springs,
the error commonly observed is the improper formation of the helix. Similarly, gears
exhibit an issue similar to that of the flange components, characterized by the loss of
the borehole.

The results highlight the models’ current limitations in handling tasks that
require detailed procedural generation and a deep understanding of spatial relation-
ships. They might intentionally return incorrect CAD programs due to the difficulty
in returning the correct ones. Improving their capability to accurately execute com-
plex sequences of operations such as those needed for detailed CAD modeling remains
an area for further development.
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6.5 Discussion

Based on the observations of the results, we extend our discussion to three
aspects: 1) the effects of multimodal input for GPT-4V; 2) GPT-4 VS. GPT-4V; and
3) the effects of the debugger in 3D CAD generation. Furthermore, we acknowledge
the limitations of our study and propose potential avenues for future research.

6.5.1 Effects of Multimodal Input for GPT-4V

6.5.1.1 Effects on IoU

For the IoU outcomes of GPT-4V shown in Figure 6.8, the statistical analyses
on the overall performance in Table 6.3 reveal that the text-only input mode out-
performs the other three modes with input modalities of text+sketch, text+image,
and text+image+sketch. This trend was also observed for the integration of the
debugging process, further underscoring the superior efficacy of the text-only input
mode. This observation challenges our assumption on multimodal machine learning
(MMML) that integrating various input modalities enhances the predictive capabili-
ties of the ML models. The possible explanations for this result may be based on the
following three aspects.

First, the simplicity of text-only data might help reduce computational bur-
den and noise, leading to more efficient processing and accurate results. On the
one hand, this implies that, under certain conditions, the advantage of multimodal
might be negated by the associated data complexity. On the other hand, it implies
that textual descriptions, especially those that include dimensional information, can
provide substantial and adequate information for the GPT-4V model to “compre-
hend” the design requirements of mechanical components. Second, the hypothesis
that integrating various input modalities could improve the predictive performance
of machine learning (ML) models may be contingent upon how relevant the informa-
tion from these modalities is to the design target, how precise it is, and how well the
model can interpret the data. In our study, it is possible that the GPT-4V model
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Table 6.4: Summary of the parsing rate and IoU for GPT-4 and GPT-4V models
using the text-only input

mistakenly processed information from images or sketches. In fact, we undertook
qualitative analyses, examining 10 images of each mechanical component through
the GPT-4V API. These experiments revealed occasional misinterpretations, such as
recognizing a three-section shaft as a two-section shaft. Third, it appears that the
GPT-4V model is naturally more proficient at processing textual data than image
data. This is particularly true in tasks that require precise spatial localization and
perspective relationships. For example, GPT-4V often generates a tapered spring due
to the effect of perspective in the rendered image. This suggests a possible limitation
in the model’s ability to accurately interpret renderings of mechanical components
compared to its success with more commonly represented objects such as humans or
vehicles (Luo et al., 2024).

Nonetheless, the category-specific results indicate that as the geometries of the
CAD models become more complex, multimodal input modes become more effective.
Considering the real-world design scenarios where the products are more complex in
terms of both geometries and structures, multimodal input modes are expected to
behave better than text-only input modes. Exploring this further would present an
intriguing avenue for future research.

6.5.1.2 Effects on Parsing Rate

Similar to the IoU outcomes, the text-only input mode surpasses the three mul-
timodal input modes in terms of the overall average parsing rate. However, this trend
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diverges when examining results specific to different categories of mechanical compo-
nents. For more complex mechanical geometries (e.g., springs and gears), multimodal
inputs demonstrate an advantage, either matching or exceeding the performance of
text-only input. For instance, as shown in Figure 6.6 (b), the text+sketch+image
input is the best for springs, but text+image turns out to be the most effective input
for gears. This emphasizes the value of incorporating visual information alongside
textual data in improving the model’s efficiency in parsing complex geometries.

With the addition of the debugger to the GPT-4V model, the efficacy of mul-
timodal inputs aligns more closely with that of text-only input for each category and
in terms of the overall result compared to the result obtained without using the de-
bugger. This observation indicates the debugger’s potential to amplify the model’s
proficiency in utilizing visual data, particularly in handling complex geometries.

6.5.2 GPT-4 VS. GPT-4V

The results of our experiments revealed the advantage of the GPT-4V model
over the GPT-4 model in processing text input, both for the inherent and enhanced
(i.e., with the debugger) versions, in the generation of 3D CAD models. This superi-
ority is evidenced in terms of a comparable parsing rate but much higher IoU scores,
as summarized in Table 6.4. According to the GPT-4V system card, OpenAI’s official
evaluation report of GPT-4V (OpenAI, 2023a), GPT-4V is built upon the GPT-4 ar-
chitecture as quoted here: “As GPT-4 is the technology behind the visual capabilities
of GPT-4V, its training process was the same.” Furthermore, the API models for both
GPT-4 and GPT-4V utilized in our study share an identical knowledge cutoff date of
April 2023. Given that GPT-4V is designed to accommodate visual inputs alongside
textual data, its performance in processing text is anticipated to be comparable to
that of GPT-4. Nonetheless, the reason for the observed differences in their perfor-
mance is not clear at this stage. In addition, the absence of comparative studies in
the literature specifically addressing the text-processing capabilities of GPT-4 and
GPT-4V underscores further research’s need to clarify these differences.
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6.5.3 Effects of the Debugger

Figure 6.6 demonstrates that the integration of the debugger enhances the
parsing rates for each category of the mechanical components and in terms of the
overall average performance for both GPT-4 and GPT-4V models, underscoring the
debugger’s efficacy in iteratively correcting syntax errors within the generated CAD
program codes.

However, this enhancement in parsing rate comes at a cost of the reduction in
IoU values for both models as detailed in Figures 6.7 and 6.8 in terms of the overall
average result although this reduction is not generally observed for the category-
specific results.

This decrease suggests that the GPT models used with a debugger may priori-
tize the correction of syntax errors and compromise on accurately fulfilling the design
requirements (i.e., text, images, or sketches). This hypothesis is supported by our
qualitative experiments with the ChatGPT Pro version which is built on the GPT-
4 model. We observed instances where, in the process of debugging syntax errors,
ChatGPT prioritized correcting the CAD program code over sticking to the design
requirements, despite having access to the entire conversation history. This resulted
in an oversimplification of the code, which may ultimately lead to incorrect geom-
etry (e.g., generating a round nut for the required hexagonal nut). Addressing this
limitation requires future research to improve the debugger’s functionality to balance
between syntax correction and simplification. However, this does not mean that the
GPT models would totally ignore the design requirements. We conducted experiments
using a Version 2 Debugger where we only fed the synthesized CAD programs back to
the GPT models during the debugging process without giving the input modalities.
We got much lower parsing rate values and IoU values compared to the Debugger
we proposed to use. This also provides a practical insight that the input modalities
should be fed to the GPT models when designing the Debugger. Furthermore, the
debugger currently relies on the zero-shot learning capability of LLMs, which means
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that it operates without specific instructions other than being asked to fix syntax
errors based on its own understanding. Future work in this area aims to identify
the most common errors by analyzing the responses from experiments and directing
the debugger to focus specifically on resolving these issues in order to improve the
debugging success rate. Additionally, there is potential to fine-tune LLMs to excel in
correcting errors in CAD programs.

While the debugger presents a viable strategy for GPT model enhancement,
alternative approaches, including model fine-tuning and the incorporation of function
calls, could be potential ways to advance the application of GPT models in 3D CAD
generation. Model fine-tuning is to adjust a GPT model by further training it on a
specialized dataset, such as the multimodal CAD dataset proposed in this study, to
enhance its ability to perform 3D CAD generation. In addition, function calls involve
generating output by calling existing functions (e.g., the Python class for creating a
shaft) to create 3D shapes.

6.5.4 Limitations and Future Work

In this study, we evaluated five representative categories of mechanical com-
ponents with different geometric complexities. Although the insights gained from
the current synthesized dataset are valuable, we acknowledge that the sample size is
relatively small compared to the wide array of mechanical components. To obtain an
in-depth understanding of the role that multimodal LLMs play in the generation of
3D CAD models, an expansion of the CAD dataset is essential. It is also critical to
note that designs often consist of interconnected components in the form of assemblies
rather than individual components (Li et al., 2023c, 2021c). This requires improve-
ments in the current data synthesis pipeline, specifically the inclusion of additional
categories of CAD models and the capability to synthesize system design objects. In
addition, the examination of additional CAD programming languages, such as Open-
SCAD and Fusion 360 Python API, as well as other LLMs, such as Google’s Gemini,
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will help gain more comprehensive views on the capability of multimodal LLMs in
CAD generation of 3D shapes.

In addition to design concept generation, LLMs can also be utilized for various
manufacturing purposes (Picard et al., 2023). One such application is in material se-
lection, where LLMs can assist in identifying and evaluating suitable materials based
on specific requirements such as strength, durability, and cost-effectiveness. Further-
more, LLMs can also be employed to explore different ways to manufacture products,
including advanced techniques such as additive manufacturing or traditional methods
such as casting and machining. By leveraging LLMs for these purposes, manufacturers
can streamline the decision-making process and optimize their production processes,
ultimately leading to improved efficiency and quality in manufacturing operations.
However, as demonstrated in the work (Picard et al., 2023), while LLMs have poten-
tial, their inherent capabilities (e.g., zero-shot learning capability) are still limited.
Future research should focus on developing methods such as fine-tuning LLMs using
multimodal datasets that incorporate features (e.g., material properties and manu-
facturing methods). This exploration is worthwhile for building valid and effective
manufacturing methods using LLMs.

6.6 Conclusion

This study is motivated by answering two research questions: 1) To what
extent can multimodal LLMs generate 3D design objects when employing different
design modalities or a combination of various modalities? 2) What strategies can
be developed to enhance the ability of multimodal LLMs to create 3D design objects?
Therefore, we first developed an approach to enable multimodal LLMs in 3D CAD
generation. Then, we studied the performance of the GPT-4 and GPT-4V models
with different input modalities, including the text-only, text+sketch, text+image, and
text+sketch+image data.

Both GPT-4 and GPT-4V showed significant potential in the generation of
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3D CAD models, especially with the enhancements enabled by a debugging process.
Additionally, in our experiment of GPT-4V, we tested four input modes: text-only,
text with sketch, text with image, and a combination of text, sketch, and image.
Surprisingly, GPT-4V’s performance with text-only input surpassed that of the other
three multimodal inputs on average. This observation challenges the common be-
lief in MMML that incorporating varied input modalities always improves a machine
learning model’s predictive accuracy due to increased information for learning and
inference. However, when examining category-specific results of mechanical compo-
nents, multimodal inputs start to gain prominence with more complex geometries
(e.g., spring and gears) in terms of the successful parsing rate of the generated CAD
programs and the geometric accuracy.

From these observations, we see that the current multimodal LLMs are still
limited in handling multimodal inputs when applied to LLM4CAD. However, the in-
sights from the category-specific results indicate that multimodal LLMs have great
potential benefits in real-world design scenarios characterized by complex objects al-
though it remains challenging for them to generate complex design objects. Improv-
ing the capability of these models to process diverse input modalities and proposing
strategies to improve their capability to handle complex design objects are promising
research avenues.

To further address the two RQs posed and achieve a comprehensive under-
standing, future studies should broaden the research scope to include a more diverse
dataset featuring more complex 3D design objects. Strategies, including model fine-
tuning and the integration of function calls, to enhance the utility of multimodal
LLMs for CAD are worthy to explore. Moreover, while this study focused on the
CAD generation of 3D shapes during the conceptual design phase, future research
can explore other stages of the engineering design process, such as customer needs
analysis, design evaluation, and manufacturing. This will contribute to a deeper
understanding of how LLMs, particularly multimodal LLMs, can be employed to fa-
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cilitate the overall engineering design process, thus making contributions to advanced
design methodologies.
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Chapter 7: Design Representation for Performance
Evaluation of 3D Shapes in Structure-Aware

Generative Design

Abstract
We conducted a comparative analysis to study surrogate mod-

els’ performance in predicting the engineering performance (e.g.,

drag and lift) of 3D shapes using vectorized design representations

(VDRs) from two sources: the trained latent space of structure-

aware data-driven generative design (DGD) models (encoding both

structural and geometric information) and an embedding method

(encoding only geometric information), in order to assess the ef-

fectiveness of these VDRs. We performed the analysis in two case

studies, 3D car models (with an interest in drag coefficients) and 3D

aircraft models (with an interest in both drag and lift coefficients).

Our results demonstrate that the use of latent vectors as VDRs

can significantly deteriorate the predictive performance of surrogate

models. Moreover, we observe that increasing the dimensionality

when encoding 3D shapes’ geometric information in the embedding

method may not necessarily improve surrogate models’ predictive

performance, and this phenomenon is more obvious in the situation

when the VDRs contain more noise.
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7.1 Introduction
1 Design researchers have applied artificial intelligence (AI) techniques to sup-

port various design activities, including design exploration and optimization, design
synthesis, and the extraction of human preferences for designs to help human design-
ers make decisions during the design process (Rahman et al., 2019; Panchal et al.,
2019; Rahman et al., 2020; McComb et al., 2017; Rahman et al., 2021). Among var-
ious AI techniques, generative design (GD) techniques are receiving more attention
in both industry and academic fields (McKnight 2017; Krish 2011; Matejka et al.
2018; McComb et al. 2020; Chen et al. 2020). GD is a term for a class of tools that
can generate novel yet realistic designs leveraging computational and manufacturing
capabilities (Shea et al., 2005). There are some widely used GD techniques, such as
genetic algorithms and shape grammars (Singh and Gu, 2012). GD has been applied
in several commercial CAD software, such as Autodesk Fusion 360, PTC Creo, and
Siemens NX. However, current GD methods are driven primarily and solely by engi-
neering performance, so the generated designs often do not agree with conventional
aesthetics (Oh et al., 2019). Additionally, generated designs may be too complex to
be created without using additive manufacturing (McKnight, 2017). These problems
can be alleviated by deep generative models (Oh et al., 2019), capable of learning to
produce new data given a set of training examples. State-of-the-art deep generative
models, such as the variational autoencoder (VAE) (Kingma and Welling, 2013) and
the generative adversarial network (GAN) (Goodfellow et al., 2014), have been applied
in various fields, including computer vision, computational creativity, architecture,
and engineering design (Regenwetter et al. 2022; Li et al. 2023b; de Miguel Rodŕıguez
et al. 2020; Yi et al. 2019).

1This chapter has been published in the following paper in the Design Science Journal. Li X,
Xie C, Sha Z. Design representation for performance evaluation of 3D shapes in structure-aware
generative design. Design Science. 2023;9:e27. doi:10.1017/dsj.2023.25. I am the leading author of
this paper and was primarily responsible for developing the methodologies, conducting experiments,
analyzing the results, and writing the manuscript.
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Figure 7.1: Comparison between a monolithic shape (a) and a structure-aware shape
(b), where dash lines indicate structural interdependencies (i.e., support and symme-
try) between components.

In the design literature, these deep generative models are often referred to as
data-driven generative design (DGD) methods. DGD methods have been increasingly
used to improve design creativity and facilitate conceptual design, such as airfoil de-
sign (Chen et al. 2020; Chen and Ahmed 2021), car wheel design (Oh et al. 2019; Yoo
et al. 2020), and car shape design (Li et al. 2021c, 2022c). DGD methods can learn
to synthesize designs from data without explicit human configuration by training a
deep neural network model and learning a latent vector space with a predefined (often
reduced) dimensionality. Such a latent vector space is a low-dimensional represen-
tation of the design space from which the data were observed. Since the training
process combines features from all existing designs, new designs that are not seen
from existing data can be sampled from the latent design space (Krish, 2011; Cun-
ningham et al., 2020). Therefore, DGD methods have become an important tool for
the generation of conceptual design ideas due to their ability to quickly generate a
large number of novel designs.

Traditionally, most DGD methods treat each design data as a monolithic whole
(i.e., one single object without considering the interconnections of components as
shown in Figure 7.1(a)) for model training (Shu et al. 2020). In this paper, we refer
to them as traditional DGD methods. Recently, there have been emerging interests in
developing structure-aware DGD methods (Gao et al. 2019b; Mo et al. 2019a; Chen
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and Fuge 2019; Li et al. 2021c). Compared to traditional DGD methods, structure-
aware DGD methods can handle complex geometries consisting of interconnected
components and learn interdependencies between components (i.e., structure-aware
shapes as shown in Figure 7.1(b)) to enable automatic assembly of deep-generated
components in a system (Gao et al., 2019b). It can also provide designers with
increased flexibility to make local design modifications by altering or substituting
individual parts.

To evaluate the engineering performance of designs from DGD methods, there
are two different ways. One is to conduct high-fidelity simulations, for example, based
on computational fluid dynamics (CFD) or finite element analysis (FEA). However,
the downside of these simulations is the high computational cost. For example, as-
sessing the aerodynamic performance of a 3D car model using CFD software could
take hours to complete. Therefore, it is impractical to evaluate the vast number of
design alternatives obtained from DGD methods in support of fast design decision-
making. The other way is to use surrogate models that have a relatively lower fidelity
but can significantly accelerate the evaluation process. Surrogate modeling is a su-
pervised machine learning technique to approximate the output based on the labeled
training dataset (i.e., pairs of inputs and their corresponding outputs) (Sun et al.
2020; Whalen and Mueller 2022). Generally, in these surrogate modeling methods,
each design is represented as a fixed-length vector of design parameters, referred to as
vectorized design representation (VDR). VDR enables compact encoding of complex
design configurations, making it easy to process and analyze design data mathe-
matically and computationally. As one type of VDRs, latent vectors have recently
been widely adopted in design generation, evaluation, and optimization (Umetani and
Bickel, 2018; Burnap et al., 2016; Li et al., 2022c; Chen et al., 2020). Latent vectors
are obtained from a latent space during the training process in neural network mod-
els, such as VAEs and GANs. A latent space is often continuous and low-dimensional
(compared to the dimensionality of the training data) and packs complex data dis-
tributions. Vectors in such a latent space can capture the underlying structure and
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important features of the training data.

Previous studies have primarily concentrated on utilizing latent vectors from
traditional DGD methods as the VDR for design evaluation. Little is known about
the efficacy of latent vectors acquired from the structure-aware DGD training process,
which encompasses both part-to-part structural information and geometric informa-
tion. The research question, therefore, arises: What would be the appropriate VDR
for a computational pipeline in support of the evaluation of structure-aware deep-
generated shapes? In particular, is it reliable to directly use the latent vectors readily
available from the training process of a structure-aware DGD model?

To answer this question, we performed experiments to compare the perfor-
mance of the latent vectors obtained from the training process of a structure-aware
DGD model in predicting the engineering performance of the designs, with those
obtained by embedding the generated 3D shapes (after training) using a 3D point
grid (3DPG), as shown in Figure 7.2. We conducted the comparative study in two
case studies: 1) predicting the drag coefficients of car designs and 2) predicting both
the drag and lift of aircraft designs. Our results indicate that while latent vectors
are frequently used in surrogate models, they may not be suitable when the encoded
information includes factors that have minimal relevance to the engineering perfor-
mance under investigation (e.g., the SPVAE vectors containing structural information
in our study). Employing such VDRs can actually hinder the prediction accuracy of a
surrogate model. This new knowledge is significant because a proper VDR is crucial
to the accuracy of the engineering analysis and, therefore, the validity of a 3D shape
and its associated economic impact. For example, the drag evaluation of car body
shapes significantly influences their fuel economy estimate. With a 10% reduction
in aerodynamic drag, the highway fuel economy will improve by approximately 5%
and the city fuel economy by approximately 2% (ARC). Therefore, it is crucial to
consider the physics underlying engineering performance metrics and select VDRs
that integrate relevant information, such as geometric information, to enhance the
prediction accuracy of surrogate models.
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Figure 7.2: Overview of the research approach consisting of two key modules: the
structure-aware generative design module and the design evaluation module

The remainder of this paper is organized as follows. Section 7.2 provides a
review of relevant research on both traditional and structure-aware DGD methods
and surrogate models. The DGD methods and surrogate models adopted, as well
as the proposed research approach, are presented in Section 7.3. We then present
and discuss the experimental results and summarize the main findings in Sections 7.4
and 7.5. The paper is concluded in Section 7.6, in which we summarize the closing
insights and potential future research directions.
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7.2 Literature Review

In this section, we present a review of the existing literature that is most
relevant to this study, including data-driven generative design methods, structure-
aware generative design methods, and surrogate models for design evaluation.

7.2.1 Data-Driven Generative Design Methods in Engineering design

Data-driven generative design (DGD) methods can conduct an efficient design
space exploration by generating a large number of various new design concepts from
existing design data (e.g., images or 3D shapes) without an explicit set of design
variables (Achour et al., 2020). In engineering design, DGD methods are developed
mainly based on two techniques, generative adversarial networks (GANs) and vari-
ational autoencoders (VAEs), in addition to a few others, such as recurrent neural
networks (RNNs) and reinforcement learning (RL) (Regenwetter et al., 2022).

For example, focusing on 2D design applications, Oh et al. (2019) integrate
a topology optimization (TO) technique with GANs to generate numerous aesthetic
design options taking into account engineering performance. Their method was ap-
plied to the design of 2D car wheel rims. Chen et al. (2020) develop a Bezier-GAN
model that can learn from shape variations in an existing 2D airfoil database to pa-
rameterize aerodynamic designs so that the resulting parameterization can accelerate
design optimization. Dering et al. (2018) set up a physics-based virtual environment
that combines an RNN model to enhance the quality of deep-generated designs of 2D
cruise ships. Fujita et al. (2021) propose a framework for the generation of design
concepts by applying TO and a variational deep embedding method in a 2D bridge
design problem.

In 3D design applications, Shu et al. (2020) present a method that combines
GANs and a physics-based virtual environment introduced by Dering et al. (2018)
to generate high-performance 3D aircraft models. Zhang et al. (2019) propose a
method using VAEs, a physics-based simulator, and a functional design optimizer
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to synthesize 3D aircraft with prescribed engineering performance. Building on the
2D wheel generative design work (Oh et al., 2019), Yoo et al. (2020) develop a deep
learning-based CAD/CAE framework that can automatically generate 3D car wheels
from 2D images by point extraction (i.e., to extract the points from contour lines of
the wheels) and sketch extrusion.

All of the methods mentioned above address the form and functionality of
designs in either 2D or 3D forms, which can help designers explore the design space by
automatically generating a large number of design concepts with informed engineering
performance. However, they all consider designs as one single monolithic piece and
ignore the interrelations between components in a product or an assembly.

7.2.2 Structure-Aware Design Generation Methods

Acknowledging that real-world designs usually consist of multiple parts, Chen
and Fuge (2019) develop hierarchical GANs to synthesize designs with inter-part de-
pendencies. The method is demonstrated using a design case of 2D airfoils. However,
3D shapes are often the final form of most products, and structure-aware 3D design
studies mostly come from the computer science community. Li et al. (2017) introduce
a generative recursive autoencoder for shape structures (GRASS) based on recursive
neural networks. GRASS trains independent networks for the geometry and structure
of parts and generates 3D voxel shapes by producing a hierarchical series of bounding
boxes filled with voxels. Nash and Williams (2017) propose a generative model of
part-segmented 3D objects, namely, the shape variational autoencoder (ShapeVAE).
Given a collection of dense surface points with surface normals of part-segmented
objects, ShapeVAE can learn a low-dimensional shape embedding to synthesize new
and realistic 3D shapes represented by point clouds, which can then be converted
to 3D meshes using the surface normals. Mo et al. (2019a) introduce StructureNet,
a generative autoencoder that learns shape structure using graph neural networks.
StructureNet uses graphs to encode hierarchical representations of shapes. After
training, it can generate 3D shapes formed by box structures or 3D point cloud

202



shapes. Gao et al. (2019b) propose Structured Deformable Meshes Net (SDM-NET)
which consists of PartVAEs and a Structured-Part VAE (SPVAE) for the generation
of 3D mesh shapes. PartVAE is used to learn individual part geometry and SPVAE
is used to learn part geometries and the structure of the 3D models. SDM-NET
can directly output 3D mesh shapes with high surface quality. Compared to point
clouds and voxels, meshes can better capture the geometric details (e.g., smoothness,
curvature) of 3D objects without consuming large storage space. Therefore, mesh
representation is more suitable for engineering design that requires fine-grained de-
tails of geometry so that they can be accurately measured, prototyped, and tested for
engineering performance. In this study, we adopt SDM-NET as our structure-aware
generative design module to generate 3D mesh shapes with high surface quality.

7.2.3 Surrogate Models and AutoML in Engineering Design

Engineering performance evaluation is a critical link in engineering design,
optimization, and computational manufacturing. But it is usually computationally
expensive. For example, CFD evaluation of the aerodynamic performance of 3D au-
tomobile models requires solving the Navier-Stokes equation, which could take hours
and days depending on the level of fidelity and computer configurations (Umetani
and Bickel, 2018). Therefore, the development of a cost-effective surrogate model
holds practical significance. The primary purpose of a surrogate model is to act as
an approximation model, replacing intricate and time-consuming computations, to
facilitate a fast evaluation of designs without compromising on accuracy (see Queipo
et al. (2005) and Wang and Shan (2006) for a review). Typically, surrogate models
require that the design be represented as a fixed-length vector (i.e., vectorized design
representation (VDR)) (Umetani and Bickel, 2018; Chen et al., 2020).

The process of training surrogate models typically involves utilizing labeled
design data, where the labels represent performance metrics of interest. This training
can be approached as a supervised learning problem by employing machine learning
(ML) techniques. Creating an ML model that achieves excellent performance often
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requires much investment in terms of computational time and resources in tasks such
as feature engineering, model selection, and hyperparameter optimization. Recently,
there has been a growing interest in applying Automated Machine Learning (AutoML)
to accelerate the process of training optimal surrogate models. AutoML leverages
sophisticated algorithms to explore a wide range of models and hyperparameters.
This automated search process often leads to better-performing models compared to
manual experimentation due to its ability to navigate effectively through extensive
search spaces and discover the most favorable configurations (He et al., 2021a).

Although design researchers have been employing common surrogate models
outlined in the literature and following industry practices (Cunningham et al., 2019;
Whalen and Mueller, 2022), there is limited awareness of AutoML within the engi-
neering design community (Regenwetter et al., 2023). Regenwetter et al. (2023) took
a lead in this regard by comparing the performance of surrogate models constructed
using traditional methods (e.g., decision trees, k-nearest neighbors, XGBoost (Chen
and Guestrin, 2016), and neural networks with Bayesian optimization) against those
built using AutoML frameworks. They demonstrated that AutoML outperforms other
surrogate models in a bicycle design application and called for the attention of the
design community to explore the use of AutoML frameworks. Based on their findings,
we compare the performance of different VDRs by adopting two AutoML frameworks,
i.e., Auto-sklearn (Feurer et al., 2015) and AutoGluon (Erickson et al., 2020), due to
their superior performance compared to other alternatives.

7.3 Research Approach

As shown in Figure 7.2, the proposed approach consists of two key modules:
the structure-aware generative design module, which employs the SDM-NET (Gao
et al., 2019b); and the design evaluation module, which utilizes surrogate models im-
plemented with AutoML frameworks. The structure-aware generative design module
(Section 7.3.1) harnesses the capabilities of SDM-NET to enable efficient exploration
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of design spaces by incorporating structural information and can generate designs
that not only exhibit aesthetic appeal but also possess fine geometric details. On the
other hand, the design evaluation module (Section 7.3.2) uses AutoML techniques to
construct surrogate models that approximate the engineering performance of inter-
est. While focusing on a car body design as the primary case study to showcase the
proposed approach, we ensure that the methodology maintains its generalizability.
Therefore, we present a second case study on the aircraft design. See Section 7.4 for
details.

7.3.1 Structure-Aware Generative Design Module

We implement SDM-NET (Gao et al., 2019b) for the structure-aware genera-
tive design module to generate 3D mesh shapes. This module consists of two types
of VAEs: PartVAE and SPVAE. Given a 3D shape consisting of several parts, a
PartVAE can learn the geometry of an individual part, and SPVAE can learn the
geometries and the structure of parts jointly. We make no novel modifications to
the network architecture of SDM-NET. Therefore, we only explain the key steps (see
Figure 7.3) to facilitate the understanding of the latent spaces of the structure-aware
generative design module. The generative design module is trained using a two-stage
training strategy by training the PartVAEs first and then the SPVAE.

7.3.1.1 Two-Stage Training of the PartVAEs and SPVAE

A 3D car model is first segmented into seven parts (i.e., one car body, two
mirrors, and four wheels). 3D models from open source databases, such as ShapeNet
(Chang et al., 2015), are often unstructured and unoriented triangle meshes. Thus,
such 3D mesh shapes cannot be directly used in DGD methods without proper pre-
processing (e.g., voxelized or re-meshed). These shapes may also contain interior
parts (e.g., seats and steering wheels) that are not desired, since we focus on the
external geometry only. As a widely used technology in computer graphics that maps
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Figure 7.3: Overview of the data-driven structure-aware generative design module
demonstrated using a car design case. The design module is implemented using
SDM-NET (Gao et al., 2019b) that consists of PartVAEs and SPVAE.
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one point set to another, non-rigid registration (Zollhöfer et al., 2014) is applied to
re-mesh each part (e.g., car body) using a watertight template mesh shape. In our
study, we use a cube as the template mesh that contains 19.2k triangles (9602 ver-
tices). All re-meshed parts are watertight with the same mesh connectivity of the
template mesh from which design features will be extracted.

The As Consistent As Possible (ACAP) method (Gao et al., 2019a) is applied
to extract the design features of a part for the input of its corresponding PartVAE.
We deform the same cube mesh as the one used in non-rigid registration to a target
part by multiplying transformation matrices, from which nine unique numbers can
be extracted for each vertex of the mesh shape. Thus, a part with v vertices can be
represented by a feature matrix Mf ∈ Rv×9, where v = 9602 in our implementation.
One feature matrix can be obtained from each part of a car model, which will be
the input to one PartVAE. Thus, seven PartVAEs are trained for car models. After
training, the latent space of each PartVAE can be obtained and the latent vector
corresponding to a part will be concatenated with the structural information (i.e.,
support and symmetry information) of the part to form a feature vector vf . All
feature vectors from all parts of a car model will then be concatenated to form the
input vector of SPVAE. The SPVAE can then be trained using the concatenated
input vectors.

7.3.1.2 Structure-Aware Generative Design of 3D Shapes in Meshes

The trained generative design module can enable structure-aware generative
design tasks, such as shape interpolation and random shape generation. As intro-
duced, both the geometric information of parts and inter-part structural information
are encoded into the SPVAE latent space.

As shown in Figure 7.3, when provided with an SPVAE vector obtained from
the latent space learned by SPVAE, the SPAVE decoder can transform it into an
output vector. This resulting vector can be subdivided into seven distinct vectors,
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each representing a specific car part. These individual vectors contain both the en-
coded structural information and a separate vector that encodes the geometry of the
corresponding part. Afterward, the vector can be decoded using the decoder of the
corresponding PartVAE model, resulting in a feature matrix. This feature matrix
can then be further processed with the template cube mesh to create a car part using
the reverse process of extracting the feature matrix as introduced in Section 7.3.1.1.
Separate parts can be combined into one holistic car model with their structural infor-
mation. It should be noted that independent of the SPVAE, the seven PartVAEs can
also be used to generate individual car parts. However, it is not guaranteed to obtain
a reasonable car model when combining those parts, as the structural information is
not included.

7.3.2 Design Evaluation Module

As shown in Figure 7.2, we construct surrogate models to enable a rapid and
reliable evaluation of the engineering performance of interest for the design evaluation
module. To achieve that, we need to determine the appropriate vectorized design
representation (VDR) and the surrogate modeling frameworks. To train a surrogate
model, the label data (the engineering performance of interest, such as drag and lift
coefficients) can be obtained from computer simulations, e.g., computational fluid
dynamics (CFD) analysis.

7.3.2.1 Vectorized Design Representation

Research has demonstrated the effectiveness of latent vectors derived from
the latent space of a trained data-driven generative design (DGD) model in design
evaluation (Umetani and Bickel, 2018; Chen et al., 2020). As shown in Figure 7.3,
there are two types of latent vectors that can be obtained from the trained structure-
aware generative design module, namely SPVAE vectors and PartVAE vectors. They
are readily available once the training process is completed.
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In addition to the commonly used latent vectors for VDR, we propose a new
method that combines a signed distance field (SDF) technique with a 3D point grid
(3DPG) inspired by the work (Bad́ıas et al., 2019) to generate an alternative form
of VDR, namely 3DPG vectors. As illustrated in Figure 7.2, we first construct a
3DPG filled with evenly distributed points. The dimensions of the 3DPG (Length ×

Width × Height) are chosen according to the largest bounding box of the 3D models
in the dataset so that the 3DPG can include all the 3D models. Once a 3D model is
put into the 3DPG, each point will be assigned a value of 1 if it falls inside the 3D
model or a value of 0, otherwise. The SDF method is used to determine the status of
each point. Signed-distance is the distance of a given point p from the boundary of
a set, with its sign determined by whether the point is in the set or not. The signed
distance of each point can be calculated and transferred to 0 or 1 using Equation
(7.1). Then, all binary values for all points will be concatenated into a 3DPG vector.

ϕ(p) =
1, if p ∈ Ω, i.e., SDF(p) < 0,

0, otherwise.
(7.1)

The status of points in the 3DPG varies for different 3D models, so each 3D
model can be uniquely parameterized into a 3DPG vector with a dimension equal to
the number of points in the 3DPG. For example, a car model will be parameterized
into a 20,000-dimensional vector if there are 20,000 points in the 3DPG. The SDF
method (Bad́ıas et al., 2019) is effective in handling meshes that are not watertight,
but requires the mesh to represent the outer surface (shell) of a 3D object in order
to accurately determine the status of individual points in the 3DPG. However, in
our case, we cannot directly apply this method to the final holistic 3D shapes cre-
ated by combining parts from the structure-aware generative design module. This
is because these shapes are essentially a combination of multiple shells of the parts.
To ensure that the 3DPG vectors can better capture the geometric information of
these 3D shapes, we first convert each combined shape into a single shell shape using
ManifoldPlus (Huang et al., 2020b) before sending it to the 3DPG.

209



7.3.2.2 Surrogate Models Using AutoML Frameworks

There are three main reasons for us to utilize AutoML frameworks in con-
structing the surrogate models: 1) AutoML routinely outperforms experienced data
scientists in identifying optimal supervised learning models (Hutter et al., 2019); 2)
All of the best-performing AutoML frameworks today rely on some forms of model
ensembling techniques that combine predictions from multiple basic models and have
long been known to outperform individual models (Dietterich, 2000); and 3) It has
been demonstrated that AutoML outperforms the strongest gradient-boosting and
neural network surrogate models identified through Bayesian optimization in a bicy-
cle design application (Regenwetter et al., 2023). In summary, AutoML provides a
streamlined workflow for training and deploying models, making it suitable for various
machine learning applications. Therefore, we use AutoML to build optimal surrogate
models to fully understand the potential of different VDRs in performance evaluation
and prediction.

Specifically, we apply two popular AutoML frameworks, Auto-sklearn (Feurer
et al., 2015) and AutoGluon (Erickson et al., 2020). Auto-sklearn has been the winner
of numerous AutoML competitions (Guyon et al., 2019). It employs efficient multi-
fidelity hyperparameter optimization strategies and the combination of numerous
models through an ensemble selection strategy. AutoGluon was introduced recently
and has been reported to outperform many other alternatives in various applications
(Erickson et al., 2020). It applies an innovative layer-stack ensembling method. Ad-
ditionally, AutoGluon incorporates k-fold bagging to minimize the risk of overfitting.

7.3.2.3 The Objectives of the Design Evaluation Module

The design evaluation module is to approximate the input-output relationship
defined by the computer simulation f(·) as shown by Equation (7.2), where x repre-
sents a VDR of a 3D shape X, and y denotes the corresponding performance metric
of interest which is used as the ground truth value. Similarly, the surrogate model

210



can be defined by Equation (7.3), where ŷ is the predicted performance of interest
and g(·) is the approximation of f(·) implied by the surrogate model. The objective
of the surrogate model can be seen as an optimization problem defined by Equation
(7.4).

y = f(x) (7.2)

ŷ = g(x) (7.3)

ŷ∗ = argminŷ |y − ŷ| , ∀x (7.4)

The pair data, i.e., the VDRs and their corresponding engineering performance
values, form the training dataset for the surrogate models. We split the training
dataset into a train set and a test set. The surrogate models will be trained using the
train set only, and the test set serves as unseen data to test the generalizability of the
trained surrogate models. In order to conduct a fair comparison of the performance
of various types of VDRs in predicting engineering performance, we train an optimal
surrogate model for each combination (i.e., one type of VDR and one particular
AutoML framework) under identical conditions. For example, the training data and
the configurations of the AutoML framework are kept the same. In addition, we use
Auto-sklearn (Feurer et al., 2015) and AutoGluon (Erickson et al., 2020) to examine
whether the results would be independent of a particular AutoML framework used.

For a comprehensive comparison, we adopt three evaluation metrics: the mean
absolute error (MAE), the root mean squared error (RMSE), and the coefficient of
determination (R2) as calculated by the following equations, where n is the total
number of observations, yi is the actual value of the observation i, ŷi is the predicted
value of the observation i and ȳ is the mean of the actual values. We also perform
the paired t-test on the absolute errors (AE) values (|yi − ŷi|) of two groups to test
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if there is a statistically significant difference between the prediction accuracy when
using different VDRs. The paired t-test is not performed on squared errors (SE)
since they are essentially squared AE, and the test is not conducted on the R2 as it
represents a statistics of a group of data.

MAE = 1
n

n∑
i=1

|yi − ŷi| (7.5)

RMSE =
√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (7.6)

R2 = 1 −
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2 (7.7)

7.4 Implementation Details and Results

In this section, we present the implementation details and results of the structure-
aware generative design module and the design evaluation module. All experiments
were run on a Linux workstation with a TITAN RTX GPU and a 20-core Intel Xeon
Silver 4114 CPU.

7.4.1 Design Cases and Datasets

We demonstrated the proposed approach and conducted a comparative study
in two design cases: the car and aircraft designs. The datasets used for the structure-
aware generative design module and the design evaluation module are summarized in
Table 7.1.

7.4.1.1 Training Data for the Structure-Aware Generative Design Module

For the training of the structure-aware generative design module, we collected
1824 car and 2690 aircraft mesh models from Gao et al. (2019b), which have been
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Table 7.1: Summary of the datasets for the two design cases: the car and aircraft
designs
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divided into parts using a semantic segmentation approach (Yi et al., 2016). These
data are derived from ShapeNet (Chang et al., 2015) and ModelNet (Wu et al., 2015a).
We developed an algorithm to automatically select models that have all seven parts
(i.e., one body, two mirrors, and four wheels) for the car models and all eight parts
(i.e., one fuselage, two wings, three tails, and two engines) for the aircraft models.
Also, for car models, since we focused on regular passenger car models (e.g., sedans,
SUVs), we manually excluded the other car types, including buses, Formula One, and
trucks. This gave us a total of 1161 car models and 1597 aircraft models, which were
used as training data for the structure-aware generative design module.

7.4.1.2 Training Data for the Design Evaluation Module

We collected the engineering performance data of car models and aircraft mod-
els by leveraging two open-sourced datasets: 9070 car models labeled by drag coef-
ficients (Song et al., 2023b) and 4045 aircraft models with drag and lift coefficients
(Edwards et al., 2021). The 3D model data of the two datasets are both derived from
ShapeNet (Chang et al., 2015). The corresponding performance values are obtained
from the computational fluid dynamics (CFD) simulation tool OpenFOAM (Jasak
et al., 2007).

To match the labeled 3D models with the training data used in the structure-
aware generative design module, we selected the overlapping models between the two
datasets for each case study. Furthermore, we only selected models with drag or lift
coefficients within the range of 0 to 1 to ensure data quality and reliability. This gave
us a total of 439 car models with corresponding drag coefficients and 1047 aircraft
models with drag and lift coefficients. These data were used as training data for the
design evaluation module. Figure 7.4 shows the histograms of the drag coefficients for
the car models, and the drag coefficients and lift coefficients for the aircraft models,
along with their descriptive statistics in the legend of Figure 7.4.
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Figure 7.4: Histograms of (a) drag coefficients of car models, (b) drag coefficients of
aircraft models, and (c) lift coefficients of aircraft models with the mean, std, min,
and max values.

7.4.2 Structure-Aware Generative Design Module

We used the same strategies for both car models (1161) and aircraft models
(1597) to train the structure-aware generative design module as detailed below. We
randomly split the training dataset into train data (75%) and test data (25%). 64
and 128 were chosen for the dimensionality of the latent spaces of PartVAEs and the
SPVAE, respectively, because they yield the lowest reconstruction errors, as shown
by Gao et al. (2019b). To ensure effective training, we implemented the two-stage
training strategy discussed in Section 7.3.1.1. This involved initially training Part-
VAEs, followed by training the SPVAE until the networks converged. Throughout
the training process, we monitored and evaluated all associated training loss terms
(i.e., reconstruction loss and Kullback–Leibler (KL) divergence loss for both train
and test data). The convergence of these loss terms indicated that the networks
were successfully trained. In the Appendix C, we document the training loss values
throughout the training process in Figure C.1. The training for the car models took
approximately 72 hours (i.e., PartVAEs: 10000 epochs; SPVAE: 20000 epochs), while
it took approximately 120 hours (i.e., PartVAEs: 5000 epochs; SPVAE: 10000 epochs)
to complete the training for the aircraft models.

In Figure 7.5(a), several reconstructed car body models are displayed. The
first row presents the original models, while the second row displays the corresponding
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(a)

(b)

(c)

Figure 7.5: Examples of the generated shapes for car models. (a) Reconstruction of
car bodies. (b) Shape interpolation of car bodies and merged car models. (c) Random
generation of separate parts.
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(a)

(b)

(c)

Figure 7.6: Examples of the generated shapes for aircraft models. (a) Reconstruction
of aircraft models. (b) Shape interpolation of merged aircraft models. (c) Random
generation of separate parts (fuselage, wings, and engines) and merged aircraft mod-
els.

217



reconstructed models. Figure 7.5(b) shows a few car bodies and combined car models
by linearly interpolating the shapes of the first and last columns. The in-between
columns from the second to the fourth column are linearly interpolated shapes. We
can observe a gradual transition of the geometry from the first column to the last
column. In addition, SPVAE vectors can be randomly sampled from the learned latent
space to generate random shapes (car bodies, mirrors, and wheels) as shown in Figure
7.5(c). Similarly, the results for aircraft models are presented in Figure 7.6. Figure
7.6(a) exhibits several instances using shape reconstruction, where the top row shows
the original models, and the bottom row shows their corresponding reconstructed
versions. Figure 7.6(b) illustrates the combined aircraft models created by linearly
interpolating the shapes of the first and last columns. Notably, the interpolation
effectively captures the transformation of the wings, progressing from a completely
flat configuration to a slightly curved shape towards the wingtips. Figure 7.6(c)
exhibits examples of randomly generated aircraft parts: fuselage, wings, and engines,
from left to right, as well as combined aircraft models.

Theoretically, we can sample as many latent vectors as possible from the latent
space for random shape generation. Shape interpolation can be performed between
every pair of car models with any number of in-between interpolation shapes. Thus,
we can generate thousands of unseen designs, and the generated designs look reason-
able in terms of visual appearance and have great geometry details. The results also
indicate that the latent spaces of PartVAEs and the SPVAE are trained well which
can serve as VDRs for the design evaluation module.

7.4.3 Design Evaluation Module

7.4.3.1 Latent Vectors and 3DPG Vectors for the VDR

To evaluate and determine the most effective VDR in predicting the engineer-
ing performance investigated, we prepared two representative VDRs: latent vectors
(the commonly-used VDR; and are obtained from the training process of the DGD
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Table 7.2: Summary of the vectorized design representations (VDRs) for the car and
aircraft models
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models) and 3DPG vectors (the proposed VDR; and require additional steps to vec-
torize the generated designs) for the training of the design evaluation module as
introduced in Section 7.3.2.1. The configurations of these VDRs are summarized in
Table 7.2.

Regarding the latent vectors (as depicted in Figure 7.3), we utilized two types
of VAE vectors. First, we employed the 128-dimensional SPVAE vectors for both
car and aircraft models. Second, we concatenated the PartVAE vectors from all
parts, resulting in the creation of all parts vectors. For car models, the all parts
vectors have a dimension of 64 × 7 = 448, while for aircraft models, the dimension
is 64 × 8 = 512. The major difference between all parts vectors and SPVAE vectors
is that all parts vectors encode geometric information only, while the SPVAE vectors
encode both geometric and structural information. Additionally, we took into account
the significance of the car body in calculating the drag coefficient, as well as the
significance of the wings (airfoils) in determining the lift coefficient (Fairman, 1996).
Thus, we specifically chose the body vectors (64-dimensional) for the car models and
the wing vectors (two wings, 64 × 2 =128-dimensional) for the lift prediction of the
aircraft models.

For 3DPG vectors, we found that the largest bounding box dimensions (L ×

W ×H) for car models to be 0.86×0.37×0.29, while for aircraft models, it was found
to be 0.91 × 0.88 × 0.30. The 3D models are all normalized (Chang et al., 2015) and
the values of the bounding boxes in the mesh files do not have a unit because they are
dimensionless, but they are proportional to the size of actual 3D models. To ensure
the inclusion of all models in the training data for the design evaluation module, we
set the 3DPG dimensions to 5 × 2 × 2 for car models and 5 × 5 × 2 for aircraft models
for convenience. They can be set to different values as long as the ratio L/W/H is
maintained. Each car or aircraft model can then be scaled up by a factor of 5 to
better fit into the corresponding 3DPG.

After setting up the 3DPG, we can obtain a 3DPG vector as outlined in Section
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7.3.2.1 by utilizing the SDF method. Although only the 20,000-dimensional vector was
shown to be effective in Bad́ıas et al. (2019), we tested three different configurations for
3DPG vectors: 1) 35×12×12 = 5040, 2) 40×16×16 = 10240, and 3) 50×20×20 =
20000. The time cost for parameterization remains constant at approximately 35
seconds, regardless of any changes in the dimension of the VDRs or the specific car
or aircraft models being used. The reason for this is that the SDF method involves
performing a virtual laser scan of the input 3D model, and the computational time
is dominated by the resolution of the scan. Although it appears that it took no time
to obtain the latent vectors from a trained structure-aware generative design model,
the training itself can be time-consuming. It took approximately 223 seconds per car
model and 271 seconds per aircraft model according to the training time introduced
in Section 7.4.2 while obtaining 3DPG vectors does not involve any training process.

7.4.3.2 Prediction Results Using Different VDRs And Surrogate models

We ended up with a total of 439 car models, each having an associated drag
coefficient. These car models were represented by six types of VDRs, including 128-
dimensional SPVAE vectors, 448-dimensional all parts vectors, 64-dimensional body
vectors, as well as three types of 3DPG vectors with dimensions of 5040, 10240, and
20000, respectively. Similarly, for the 1047 aircraft models with associated drag and
lift coefficients, we had 128-dimensional SPVAE vectors, 512-dimensional all parts
vectors, 128-dimensional wing vectors, and the same types of 3DPG vectors as car
models. By utilizing each type of VDR along with the corresponding engineering
performance label data, we randomly divided the training dataset into two parts: a
train set (80%) and a test set (20%). Importantly, this division remained the same for
all VDRs within a particular design case to make a fair and consistent comparison.
We then trained an optimal surrogate model using Auto-sklearn (Feurer et al., 2015)
and AutoGluon (Erickson et al., 2020).

These AutoML models have the capability to automatically reserve a portion of
the train set data as validation data. We trained all AutoML models by minimizing
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Figure 7.7: The comparison of prediction accuracy for the test set data of car models
using different VDRs with drag coefficients with three evaluation metrics: MAE (↓),
RMSE (↓), and the R2 (↑) using (a) Auto-sklearn or (b) AutoGluon. The p-values
resulting from the paired t-test for AE values are used to show the statistical differ-
ence.

RMSE on the validation data for optimal surrogate models. Given our focus on
understanding the generalizability of the trained surrogate models to unseen data, we
primarily present the prediction results specifically for the test data. We have made
the dataset, code and all results for the design evaluation module open-source for the
purpose of reproducibility and for further research interests 2.

Results for predicting drag coefficients of the car models. Several insights

2https://github.com/Xingang-Li/structure_aware_design_evaluation
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Figure 7.8: The comparison of prediction accuracy for the test set data of aircraft
models using different VDRs with drag coefficients with three evaluation metrics:
MAE (↓), RMSE (↓), and the R2 (↑) using (a) Auto-sklearn or (b) AutoGluon. The
p-values resulting from the paired t-test for AE values are used to show the statistical
difference.

223



can be drawn based on the results of MAE, RMSE, and R2 presented in Figure 7.73.
Regardless of the AutoML frameworks used, the 3DPG vectors consistently exhibit
higher accuracy than the latent vectors. SPVAE vectors achieve the lowest accuracy,
while the 20000-dimensional 3DPG vectors achieve the highest accuracy among all
alternative VDRs. For 3DPG vectors, the mean accuracy increases in general with
higher dimensions. The best combination of the VDR and AutoML framework is
observed to be the 20000-dimensional 3DPG vectors and Auto-sklearn, resulting in
an R2 value of 0.312. On the other hand, the worst combination is observed to be
the SPVAE vectors and AutoGluon, resulting in an R2 value of 0.021.

The heatmaps in Figure 7.7 show the p-values associated with the paired t-
test performed on the AE values. The results indicate that regardless of the specific
AutoML framework utilized, the performance of the SPVAE vectors is consistently
inferior to that of the 20000-dimensional 3DPG vectors, and this difference is sta-
tistically significant, i.e., p = .0139 when using Auto-sklearn and p = .0069 when
using AutoGluon. Regarding the latent vectors, no significant differences are ob-
served between the SPVAE vectors, the body vectors, and the all parts vectors. The
only exception is the difference between the SPVAE vectors and the all parts vec-
tors (p = .0059) in AutoGluon. Similarly, for 3DPG vectors, while the mean values
of all three metrics show an increasing trend, no significant differences are observed
between different VDRs.

Results for predicting drag coefficients of the aircraft models. Based on
the results of MAE, RMSE, and R2 presented in Figure 7.8, we can get several in-
sights as follows. Similar to the findings in car models, the 3DPG vectors consistently
demonstrate superior accuracy compared to the latent vectors across both AutoML

3The root mean square error (RMSE) and R2 (coefficient of determination) are both statistics
for group data. Consequently, the error bars are not applicable to them. Additionally, the error bars
are not included for the mean absolute error (MAE) because the variance of absolute error (AE)
across the entire dataset is not relevant in this analysis due to the use of the paired t-test rather
than the independent two-sample t-test. This is because the different VDRs were obtained from the
same data group (i.e., the test data set), so the datasets for the t-test are not independent.
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frameworks employed. Among all the alternative VDRs, it is also observed that SP-
VAE vectors exhibit the lowest accuracy, while the 20000-dimensional 3DPG vectors
achieve the highest accuracy. There is a notable trend of increasing accuracy as the
dimension of the 3DPG vectors increases. The most favorable combination of the
VDR and AutoML framework is observed with the 20000-dimensional 3DPG vectors
with AutoGluon, yielding an R2 value of 0.602. Conversely, the least favorable com-
bination is observed with the SPVAE vectors and Auto-sklearn, resulting in an R2

value of 0.341.

We also conducted a paired t-test on the AE values and the resulting p-values
are visualized in the heatmaps in Figure 7.8. The heatmaps indicate significant
differences (p < 0.05) between most pairs of VDRs, except for three cases: 1) all parts
vectors and 5040-dimensional 3DPG vectors with both Auto-sklearn and AutoGluon,
2) 5040 and 10240-dimensional 3DPG vectors (where the p-value slightly exceeds
0.05 with Auto-sklearn but was less than 0.05 with AutoGluon), and 3) 10240 and
20000-dimensional 3DPG vectors with both Auto-sklearn and AutoGluon.

Results for predicting lift coefficients of the aircraft models. As the results
of MAE, RMSE, and R2 shown in Figure 7.9, regardless of the AutoML frameworks
used, the SPVAE vectors achieve the lowest accuracy while all parts and wing vectors
achieve the top two highest accuracies among all the alternative VDRs. However,
there is a discrepancy between the performance of the all parts and wing vectors
using the two AutoML frameworks. 3DPG vectors perform poorly, and there is no
noticeable trend of increasing accuracy with higher-dimensional 3DPG vectors, as
previously observed in the prediction of drag coefficients. The best combination of
the VDR and AutoML framework is observed with the wing vectors and AutoGluon,
resulting in an R2 value of 0.389. The worst combination is observed with the SPVAE
vectors and Auto-sklearn, resulting in an R2 value of 0.244.

For the t-test conducted on the AE values, the results of the p-values are
shown in Figure 7.9. The heatmaps show that apart from four specific pairs in
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Figure 7.9: The comparison of prediction accuracy for the test set data of aircraft
models using different VDRs with lift coefficients with three evaluation metrics: MAE
(↓), RMSE (↓), and the R2 (↑) using (a) Auto-sklearn or (b) AutoGluon. The p-
values resulting from the paired t-test for AE values are used to show the statistical
difference.
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Table 7.3: The best combination of the VDR and AutoML framework for the surro-
gate models of car and aircraft models

Auto-sklearn: 1) SPVAE vectors and all parts vectors, 2) SPVAE vectors and 5040-
dimensional 3DPG vectors, 3) SPVAE vectors and 20000-dimensional 3DPG vectors,
and all parts vectors and wing vectors, there is no significant difference (p < 0.05)
observed between all combinations of VDRs when using the two AutoML frameworks.

We summarize the results for the best combination of the VDR and AutoML
framework for the surrogate models and the corresponding prediction performance
metrics of car and aircraft models in Table 7.3.

7.5 Disucssion

In this section, we provide a comprehensive analysis of the results obtained
from the structure-aware generative design module (Section 7.5.1) and the design
evaluation module (Section 7.5.2) and discuss the limitations and potential future
research directions.

7.5.1 Structure-Aware Generative Design Module

Structure-aware generative design is an emerging and relatively unexplored
field that holds promise in addressing the challenges of systems design problems using
data-driven generative design (DGD) methods. Unlike the generative design of mono-
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lithic shapes that prioritize optimizing overall system performance, the structure-
aware generative design focuses on capturing and integrating the details of parts’
geometry and structure. By considering the structural characteristics of individual
parts, the structure-aware generative design enables a more comprehensive under-
standing of the system. It can also facilitate the exploration of various design alterna-
tives and iterations, empowering engineers to make well-informed decisions regarding
part geometries and the structural relations between parts. This opens opportunities
for the discovery of novel and optimized designs that may have been overlooked using
traditional generative models, especially in the early stages of design.

In our study, we implemented SDM-NET (Gao et al., 2019b), a data-driven
structure-aware generative model, as the structure-aware generative design module.
While it holds significant potential to help designers effectively explore the design
space, there is a major limitation in the current methodology. The validity of the
generated designs in terms of their structural integrity heavily relies on visual in-
spection, and there is no quantitative method available to assess. While most of the
generated designs are deemed acceptable, some may have unattached parts despite
the structural information learned. One possible approach to ensure structural va-
lidity is to employ optimization techniques (Gao et al., 2019b), but it is crucial to
develop a quantitative and automatic method to assess the structural validity of the
generated designs, e.g., rating the designs in terms of their structural integrity and
surface quality.

7.5.2 Design Evaluation Module
7.5.2.1 Drag prediction for car and aircraft models

The SPVAE vectors demonstrate the least accuracy, whereas the all parts
vectors consistently enhance the predictive accuracy in both case studies. In the
context of car models, the body vectors also exhibit superior performance compared
to the SPVAE vectors, as indicated by lower MAE and RMSE values and higher
R2. This superiority is further supported by a paired t-test using AutoGluon (p =
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0.0184), as depicted in Figure 7.7. Both all parts vectors and SPVAE vectors encode
geometric information for all components of the 3D shapes. However, the SPVAE
vectors also include structural information such as support and symmetry. This
structural information is crucial to generate designs that account for the underlying
structures of 3D shapes, as illustrated in Figure 7.3. Nevertheless, when the structural
information is irrelevant to the engineering performance, such as the drag here, it can
have a detrimental impact on the suitability of the SPVAE vectors as VDRs for
surrogate models. In such cases, using latent vectors that only capture geometric
information most relevant to the engineering performance of interest, such as the
all parts vectors or car body vectors, can be more advantageous for surrogate models.
On the other hand, in situations where structural information plays a significant role
in engineering performance, such as in determining the maximum allowable load for a
bike frame design problem, using VDRs that incorporate structural information may
have advantages over VDRs that only capture geometric information.

Likewise, by capturing the geometric information of all components of 3D
shapes, 3DPG vectors possess significant potential to serve as more suitable VDRs for
predicting drag coefficients. There is a general trend of improved accuracy, reflected
in lower MAE and RMSE values, and higher R2 values, as the dimensionality of
3DPG vectors increases. Specifically, the 20000-dimensional 3DPG vectors exhibit the
highest level of accuracy. Increasing the dimensionality of the 3DPG vectors implies
using more points to parameterize a design utilizing the 3D point grid, as described in
Table 7.2. This augmentation in the number of points enables a more comprehensive
capture of the geometric details of 3D shapes, thereby enhancing the prediction of
the drag coefficient, which is closely influenced by the overall geometry of 3D shapes.
But, it should be noted that 3DPG vectors also encode the positional information
of various components due to the signed distance field, whereas all parts vectors
(concatenation of part vectors) do not contain such information. This distinction
in encoding positional information could be one of the reasons why 3DPG vectors
generally exhibit better performance compared to all parts vectors in predicting drags
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in both design cases.

If considering statistical significance, however, augmenting the dimensionality
of 3DPG vectors does not necessarily lead to a significant improvement in prediction
accuracy as evident: 1) In the case of car models, there are generally no significant
differences in the prediction accuracy between the 3DPG vectors; 2) Similarly, for
the aircraft models, there are no significant differences between 10240- and 20000-
dimensional 3DPG vectors. The lack of significant differences could be attributed
to the relatively small size of the datasets. Specifically, the dataset for car models
(439) is approximately 60% smaller than the dataset for aircraft models (1047). This
discrepancy in dataset size, as depicted in Figure 7.1, causes a less number of pairs
of VDRs with significant differences in the analysis of the car models compared to
the aircraft models. In addition, the curse of dimensionality could be another reason
affecting the performance of 3DPG vectors with higher dimensionality. Moreover,
it is important to acknowledge that in order to achieve a similar or higher level of
prediction accuracy compared to latent vectors (such as SPVAE vectors or all parts
vectors), 3DPG vectors should have a minimum of 5040 dimensions, as demonstrated
in our experiments. We conducted tests using an extreme case of 128 dimensions
(same as the SPVAE vectors), which resulted in a significant decrease in prediction
accuracy and even yielded negative R2 values in the case study of car design.

7.5.2.2 Lift Prediction for Aircraft Models

SPVAE vectors consistently exhibit the lowest prediction accuracy in lift pre-
diction, similar to their performance in drag prediction regardless of the AutoML
frameworks employed. Although there are variations in the outcomes produced by
Auto-sklearn and AutoGluon, the use of the latent vectors of wings (i.e., wing vec-
tors) in conjunction with AutoGluon demonstrates the highest accuracy in terms of
a higher R2 value of 0.389.

In a similar manner to the drag prediction, it is evident that there are no signif-
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icant differences among 3DPG vectors with varying dimensions. Additionally, there
are no significant differences between all parts vectors and 3DPG vectors, as sup-
ported by the p-values (all are greater than 0.1) shown in Figure 7.9. However, when
considering the MAE, RMSE, and R2 metrics, the mean values indicate a slightly
decreasing trend in prediction accuracy for 3DPG vectors as the dimensionality in-
creases, and the performance of all parts vectors surpasses that of 3DPG vectors,
which deviates from the drag prediction scenario. This discrepancy can be attributed
to two major factors: the encoded geometric information and the curse of dimension-
ality. The drag coefficient is affected by all components of the 3D shapes, while the
lift coefficient is mainly determined by the wings (NASA; Fairman, 1996). Although
the 3DPG vectors, which encode geometric information of all components, can be
advantageous for drag prediction, they pose challenges when predicting lift because
they include a considerable amount of irrelevant geometric information from non-wing
parts. Consequently, the advantage of increasing the dimensionality of 3DPG vectors
to capture more geometric details is diminished by the curse of dimensionality. As
a result of this phenomenon, the performance of the 3DPG vectors in lift prediction
even decreases to a level comparable to that of the SPVAE vectors, and even worse
than that of the all parts vectors (512-dimensional), as shown in Figure 7.9.

7.5.2.3 Summary of the Two Design Cases

Important insights can be derived from the two design cases involving drag
and lift prediction. While latent vectors have frequently been employed as VDRs in
surrogate models, they may not be the most appropriate option when encoded infor-
mation includes a mixture of relevant and irrelevant information for the engineering
performance of interest. Specifically, when utilizing structure-aware generated design,
caution should be exercised when employing latent vectors that encode both geom-
etry and structural information (such as SPVAE vectors in our case) that are often
readily obtainable from the training. Instead, the underlying physics shall be exam-
ined to determine what geometric information would contribute most and whether
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the structural information is relevant to the engineering performance to be predicted.

For 3DPG vectors, increasing the dimensionality does not necessarily improve
the predictive performance of surrogate models. This is especially true when the
vectors contain more noise, i.e., the information irrelevant to engineering performance,
such as in the lift prediction.

Limitations: 1) Despite trying different combinations of AutoML frameworks and
VDRs, the resulting surrogate models achieved modest R2 values of 0.312, 0.602,
and 0.389 for drag prediction in cars and aircraft, and lift prediction in aircraft,
respectively. These values fall short of high predictive accuracy if referring to the
criterion of R2 = 0.67 (Henseler et al., 2009). The primary reason is the limited
availability of data. This has been evident by the difference between the R2 value
of drag prediction in aircraft (0.602) and that in cars (0.312) because there are more
data points for the aircraft models compared to the car models (1047 vs. 439). 2) The
SDF method, although effective in capturing the geometric information of 3D shapes,
suffers from considerable computational cost, taking approximately 35 seconds to
generate each high-quality 3DPG vector. We conducted experiments to explore the
impact of reduced resolution in laser scans as outlined in Section 7.4.3.1. In particular,
utilizing a lower resolution could reduce the processing time to 3 seconds. However,
this reduction in resolution also led to a significant drop in prediction accuracy, with
the R2 value declining by up to 41%. To ensure data quality, computational cost poses
a practical limitation for its application in interactive generative design. Therefore,
it is valuable to investigate different implementations that can offer faster solutions
to encode 3D shapes.

7.6 Conclusion and Future Work

Data-driven generative design (DGD) methods can effectively support design
ideation and 3D shape synthesis. With the recent advances in structure-aware DGD,
this study is motivated to answer the following question: what are the appropriate
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vectorized design representations (VDRs) for fast performance evaluation of the 3D
shapes generated by the structure-aware DGD method? To answer this question, we
first developed a structure-aware generative design module based on SDM-NET (Gao
et al., 2019b) that can generate various new 3D shapes taking into account the inter-
connections between parts. Then, we realized the fast design evaluation module by
constructing surrogate models using AutoML frameworks. Based on the integrated
framework combining structure-aware DGD for design generation and surrogate mod-
eling for design evaluation, we tested different types of VDR, including latent vectors
(i.e., PartVAE vectors and SPVAE vectors) obtained from the generative design mod-
ule and the 3D point grid (3DPG) vectors.

We observed that SPVAE vectors directly from the structure-aware genera-
tive design module achieved the worst prediction accuracy regardless of the design
cases and AutoML frameworks used. The results indicate that while latent vectors
are commonly used as VDRs for surrogate models, they may not be suitable when
the encoded information contains factors (e.g., structural information) that are of
little relevance to the engineering performance of interest. Therefore, it is crucial
to consider the physics underlying the engineering performance investigated and se-
lect VDRs that incorporate the most relevant information to improve the prediction
accuracy of surrogate models. The results could have a broader impact on industry
professionals because the use of appropriate VDR can lead to the improved predictive
performance of design automation tools. A better prediction of engineering perfor-
mance will also help designers make informed decisions in the early design stage when
interacting with AI, facing a large number of design alternatives generated, thus po-
tentially shortening the overall design cycle and reducing the development time.

The limitations presented in Section 7.5 help us identify some future research
directions in the development of more practical design applications for structure-
aware generative design. First, the structural integrity of the generated designs is
assessed through visual inspection, without a quantitative method. Developing an
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automatic and quantitative evaluation method for structural validity will greatly ben-
efit future applications of structure-aware generative design. Second, we demonstrate
our method in scenarios where the engineering performance of a product is closely
related to its shape geometry. Interestingly, we observed that the inclusion of struc-
tural information could have a detrimental effect on the suitability of SPVAE vectors
as VDRs for surrogate modeling. More research and investigation are necessary to
explore design cases in which structural information can significantly impact engi-
neering performance, so we can test whether VDRs that incorporate both structural
and geometric information may offer advantages over those solely capturing geometric
information. Furthermore, to generalize the findings of this study, it is important to
test more design cases or collect additional data for the two design cases. This would
allow a deeper understanding and a wider application of the conclusions drawn from
the study.
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Chapter 8: Closing Thoughts and Future Work

This chapter summarizes the accomplished research work, contributions, and
broader impacts of this dissertation. The challenges of the study of human-supervised
data-driven generative design are identified which also lead to thoughts for future
research.

8.1 Conclusions, Contributions, and Broader Impacts
8.1.1 Conclusions

Towards Human-Centered Generative Design, my dissertation research is mo-
tivated to answer the Central Research Question “In what ways and to what extent
can human designers’ intent and preferences be incorporated as input to actively in-
teract and guide the GD process to improve the quality and relevance of the design
outcomes?”. More specifically, we try to answer three Research Questions (RQs) as
shown below.

• RQ 1: How feasible and to what extent can cross-modal synthesis methods with
unimodal input incorporate human designers’ intent and preferences as input to
guide the data-driven design generation?

• RQ 2: How feasible and to what extent can cross-modal synthesis methods with
multimodal inputs incorporate human designers’ intent and preferences as input
to guide the data-driven design generation?

• RQ 3: What are the effects of different representations of the generated designs
on the data-driven design evaluation?

My Central Research Hypothesis posits that human designers’ intent and
preferences can be incorporated as input to guide the data-driven design generation
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using cross-modal synthesis. However, the development of such methods for engineer-
ing design needs to tackle several fundamental challenges (Li et al., 2023b). These
challenges include the scarcity of design data, complexities in 3D design represen-
tations, large semantic gaps between different modalities and thus challenging to
maintain design integrity and intent, and vectorized representations for AI training.

To tackle the identified challenges, I have developed a set of strategies that
include synthesizing datasets, collecting data from human participants using crowd-
sourcing platforms, designing innovative neural network architectures, and formulat-
ing novel vectorized design representations for 3D design data applicable to both the
generation and evaluation of designs. The strategies proposed can (a) facilitate ac-
tive human engagement and direction in the generative design (GD) process through
cross-modal synthesis, accommodating both unimodal and multimodal inputs, and
(b) assess a wide array of generated design concepts efficiently and effectively by em-
ploying appropriate vectorized design representations and surrogate models. These
techniques establish the foundation for the Human-Supervised Generative Design
(HSGD) Framework as depicted in Figure 1.3. This groundbreaking framework seam-
lessly incorporates human insights, skills, and feedback into GD practices, marking
a significant advancement in the field. It enhances the speed of the design iteration
cycle during the conceptual design stage and incorporates considerations of down-
stream design earlier into the initial stages of decision-making. From the results, we
conclude that:

• Cross-modal synthesis methods, capable of processing either unimodal or multi-
modal inputs, exhibit significant potential in capturing and integrating human
designers’ intent and preferences to guide the generation of data-driven gen-
erative design. Although textual descriptions, sketches, and images may not
fully encapsulate the designers’ envisioned ideas—a challenge also prevalent in
traditional design practices—our cross-modal synthesis approaches can still dis-
cern and interpret the underlying design preferences and intentions from these
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varied input modalities. Consequently, these methods are designed to generate
3D designs that are in closer alignment with the specified design requirements
embedded in the input design modality, thereby bridging the gap between con-
ceptual intent and tangible design outcomes.

• The choice of vectorized design representations significantly influences the eval-
uation of generated designs within a data-driven framework, particularly as
product geometries become more intricate and as structure-aware generative
design methodologies are employed. While it is common practice to utilize the
learned latent spaces for these vectorized representations to expedite AI-assisted
design evaluation and optimization, such latent vectors may prove unsuitable
if they encapsulate information irrelevant to the engineering performance of in-
terest. This observation underscores the imperative for designers to consider
the suitability of vectorized design representations for evaluation purposes from
the beginning of developing data-driven design methodologies. This foresight
is crucial to ensure that the representations employed are conducive to an ac-
curate and meaningful assessment of the performance of designs, aligning with
engineering objectives and requirements.

8.1.2 Contributions to Generative Design, Data-Driven Engineering De-
sign, Human-AI Design Collaboration

Product shape design is one of the most paramount aspects of product de-
velopment. Methods for deep learning of cross-modal tasks (DLCMTs), such as the
cross-modal synthesis method, can transfer one design modality (e.g., text, sketch,
image, and 3D designs) to another, and human preferences can be reflected by de-
sign modalities. Thus, we conducted the first systematic literature review of DL-
CMT methods and identified the opportunities and challenges in applying them to
human-supervised generative design (HSGD) of product shapes. Building upon this
knowledge foundation, we have developed a novel target-embedding variational au-
toencoder (TEVAE) architecture tailored for HSGD. The approach has been applied
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to the generative design of 3D shapes from sketches. Sketches are used to represent
human preferences to guide GD of 3D designs. The required input takes the simplest
format as silhouette contour sketches that designers can easily draw and modify.
We have also developed a preliminary graphical user interface to enable interactive
HSGD. In addition to sketches, we have been exploring the feasibility of utilizing
various design modalities, such as images and text, to represent human preferences
and guidance. We have also developed a method for generating CAD sequences from
images. Moreover, we have also quantitatively evaluated the potential for utilizing
multimodal large language models for HSGD and proposed ways, such as a debugger,
to improve their capability to generate 3D CAD concepts. These innovative methods
have established the groundwork for the HSGD Framework, enabling a more seam-
less integration of human preferences, expertise, and feedback with GD and creating
innovative ways to promote data-driven design innovation.

AI-assisted fast concept evaluation methods are crucial for evaluating numer-
ous design concepts created from GD. Moreover, engineering products are often sys-
tems that include several interconnected subsystems or components with a specific
structure. Consequently, we have conducted research into fast evaluation methods
in the context of structure-aware generative design (SAGD). It is vital to identify
the suitable vectorized design representation (VDR) for evaluating designs in GD,
which remains largely unexplored in SAGD. To that end, we built surrogate models
for the fast evaluation method and conducted a comparative analysis of surrogate
models’ performance in predicting the engineering performance of 3D shapes using
VDRs from two sources: the trained latent space of SAGD models encoding struc-
tural and geometric information and an embedding method encoding only geometric
information. This study provides empirical evidence for the effectiveness of different
types of VDRs in SAGD for surrogate modeling, thus facilitating the construction of
better AI-assisted evaluation methods.
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8.1.3 Summary of Contributions

In summary, this dissertation advances human-centered generative design by
addressing a crucial gap in existing methodologies, facilitating a human-centered ap-
proach. We introduce a novel Human-Supervised Data-Driven Generative Design
Framework incorporating cross-modal synthesis methods and AI-assisted design eval-
uation techniques. Our approach enhances human control and interaction within the
GD process. We have developed an innovative neural network architecture tailored
for cross-modal synthesis in engineering design. This architecture effectively incorpo-
rates human intent and preferences into the generation of 3D design concepts. Our
methodologies significantly accelerate design ideation, improve exploration of design
spaces, and integrate downstream considerations into early-stage decision-making.
They might have broad applicability across industries, speeding up product develop-
ment cycles and reducing associated costs. Moreover, these methods can be adapted
into educational tools for design students, preparing them for careers in an evolving
landscape that increasingly values human-AI collaboration in engineering design.

8.1.4 Broader Impacts on Engineering Design Education

My dissertation research has also generated broader impacts, particularly in
shaping the concept of Generative Design Thinking (GDT), the cognitive process
involved in GD (Li et al., 2021b; Goldstein et al., 2021; Brown et al., 2024; Clay
et al., 2023, 2024; Koolman et al., 2024). To define GDT, we have introduced the
Evolving Design Thinking (EDT) model, depicting the evolution of design thinking
across three levels: Design Technology, Design Thinking, and Design Cognition. Our
research seeks to conduct a comprehensive examination of the cognitive processes
associated with GD to improve GD education and equip future generative designers
with the necessary technological skills and design thinking. In addition, we have also
developed a curriculum that traces the evolution of design paradigms: traditional
design, parametric design, and GD. We have been gathering data through think-
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aloud sessions using the design curriculum from students. The collected data will
inform curriculum improvements and deepen our understanding of student cognition
across traditional, parametric, and GD paradigms, ultimately leading to an enhanced
education of GD.

8.2 Future Work

Future work in this domain will focus on overcoming the challenges of merging
AI’s computational power with the unique creative, intuitive, and insightful qualities
of human designers to elevate human-AI collaboration in engineering design. Ad-
ditionally, there is a pressing need to address the complexities involved in training
AI for creativity in engineering design, confronting obstacles such as the scarcity of
design data, the selection of suitable design representation and vectorization, and
the semantic gaps between different modalities and 3D designs. These challenges
complicate the preservation of design integrity and intent across modal transitions.

In this section, we introduce three potential avenues for future research, ex-
panding upon the foundational work established in my dissertation. Firstly, a natural
extension of my dissertation research is to explore deeper human-centered generative
design (Demirel et al., 2023a). Little is known about how generative design processes
can be reoriented to prioritize human factors (such as safety, and comfortability).
This direction not only promises to extend the theoretical frameworks established in
my dissertation but also to offer practical insights into designing more responsive and
user-friendly systems. In addition, a pressing concern within the field of generative
AI in product design is the technology’s current inclination toward prioritizing visual
aesthetics over functional practicality. This bias raises important questions about the
balance between form and function in the design process, and how AI technologies
might be developed or adapted to better address functional requirements without
sacrificing aesthetic appeal. Investigating this issue could lead to more balanced ap-
proaches in the use of generative AI, ensuring that future product designs are not
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only visually compelling but also practically useful and user-centered. Lastly, manu-
facturing’s demand for innovation, efficiency, and precision is growing, requiring the
seamless integration of design and manufacturing phases. The advent of multimodal
large language models, such as GPT-4 Vision (GPT-4V), promises a revolutionary
shift by proficiently handling a mix of text and image data. This capability is crucial
for closing the gap between design and manufacturing stages, potentially transforming
the entire product lifecycle by promoting a more synchronized and intelligent work-
flow. It could be interesting and meaningful to explore how to redefine manufacturing
by incorporating cutting-edge AI technologies.
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Appendix A: Appendix for Chapter 3

A.1 Details of Literature Search

As introduced in Section 3.3.2, Table A.1 shows the number of articles found
in major literature databases using keywords of “text-to-sketch retrieval” (TSkRet),
“text-to-sketch generation” (TSkG), “text-to-shape retrieval” (TShRet), “text-to-
shape generation” (TShG), “sketch-based 3D shape retrieval” (SkShRet), “sketch-
based 3D shape generation” (SkShG), “sketch-based 3D shape reconstruction” (SkShRec),
“sketch-based 3D shape synthesis” (SkShSyn), and “3D shape reconstruction from
sketches” (ShRecSk). In addition, 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 gen-
eration, the number of which is indicated in parentheses (e.g., (35) for ShRecSk).

Figure A.1 shows the articles that are most relevant to the two key articles
((Wang et al., 2015; Lun et al., 2017)) using Connected Papers (accessed in June
2022). Studies that meet the scope of our review are indicated using a quadrilateral
in each sub-figure.

Table A.1: Studies found in major databases
Keywords (Double quotation marks included)

TSkRet TSkG TShRet TShG SkShRet SkShG SkShRec SkShSyn ShRecSk
ScienceDirect 0 0 0 0 2 0 0 0 0

Web of Science 0 0 1 0 20 1 0 0 1
Scopus 0 0 1 1 454 5 1 0 95

IEEExplore 0 0 0 1 13 1 1 0 1
ACM Digital Libraries 0 0 1 0 14 0 0 0 3

Google Scholar 0 3 7 22 559 (96) 7 (5) 5 (2) 1 (0) 120 (35)
Total 0 3 10 24 1062 14 7 1 220
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Figure A.1: (a) Studies for sketch-to-3D retrieval that are similar to (Wang et al.,
2015); (b) Studies for sketch-to-3D generation that are similar to (Lun et al., 2017)
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A.2 Paper Summary

We summarize and tabulate all 50 articles reviewed in Table A.2. There are 11
source journals and 20 conference proceedings, and their acronyms are shown below.

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 Computing Systems
I3D Symposium on Interactive 3D Graphics and Games
MMM International Conference on Multimedia Modeling
IMX ACM International Conference on Interactive Media Experiences
CVPR Computer Vision and Pattern Recognition Conference
ICCV International Conference on Computer Vision
ECCV European Conference on Computer Vision
ACCV Asian Conference on Computer Vision
AAAI Association for the Advancement of Artificial Intelligence Conference on Artificial

Intelligence
ICIP IEEE International Conference on Image Processing
UIST Annual ACM Symposium on User Interface Software and Technology
ICCS International Conference on Computational Science
ICPR International Conference on Pattern Recognition
ICLR International Conference on Learning Representations
ICVRV International Conference on Virtual Reality and Visualization
3DIMPVT International Conference on 3D Imaging Modeling, Processing, Visualization and

Transmission
VISIGRAPP International Joint Conference on Computer Vision Imaging and Computer Graphics

Theory and Applications
ICCEIA-VR International Conference on Computer Engineering and Innovative Application of VR
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Appendix B: Appendix for Chapter 4

This is the Supplementary Material for Chapter 4. We show more details of
the approach and the training of the E2D network.

B.1 Part 1: The E2D Network

We construct the E2D network by concatenating an encoder (Enc2(·)) to a
mesh VAE Yuan et al. (2020). The Enc1(·) has the following network structure: two
graph convolutional (Conv) layers with a batch normalization (BN) layer and a tanh
activation function following each graph Conv layer, one pooling layer, and a third
graph Conv layer. The output of the last Conv layer is mapped to a 128-dimensional
space that contains a mean vector (µ1 ∈ R128) and a deviation vector (σ ∈ R128)
by two different fully-connected (FC) layers. The mean vector does not have an
activation function and the deviation vector uses sigmoid as the activation function.
The Enc2(·) shares the same network structure as Enc1(·) except that only one FC
layer is used to form the latent vector (µ2 ∈ R128) because the standard deviation
vector is not needed here. Enc1(·) takes Y and Enc2(·) takes X as input, where X

∈ RV ×9 and Y ∈ RV ×9 are feature representations of source shapes (Ss) and target
shapes (St), respectively. V represents the number of vertices of a 3D mesh shape.
Ss are 3D extrusion mesh models extruded from sideview sketches of the original
authentic 3D mesh models (St).

The decoder (Dec(·)) mirrors the encoders and it consists of an FC layer, a
graph Conv layer and a de-pooling layer, followed by two graph Conv layers. Each
Conv layer is connected to a BN layer and a tanh activation function except the
third Conv layer. The Dec(·) takes the latent vector z1 = µ1 + σϵ as input, where
ϵ ∈ N(0, I) which is a standard multivariate Gaussian distribution. The output of
Dec(·) is Ŷ ∈ RV ×9 which has the same dimension as the input Y and can be used

250



to reconstruct 3D mesh shapes.

The entire E2D network is trained by minimizing the following loss function:

Ltotal = λL1 + L2, (B.1)

where L2 is the loss funciton for Enc2(·) which has been shown in the paper, λ is a
weight parameter, and L1 is the loss function for the mesh VAE. L1 can be written
as:

L1 = α1LRecon + α2LKL + LReg, (B.2)

where α1 and α2 are the weights of different loss terms, and

LRecon = 1
2M

M∑
i=1

∥∥∥Y i − Ŷ i
∥∥∥2

F
(B.3)

denotes the mean squared error (MSE) reconstruction loss, where Y i and Ŷ i represent
the input feature matrix of the ith model and the corresponding output of the mesh
VAE, respectively. ∥·∥F is the Frobenius norm of the matrix and M is the number of
mesh shapes in the training dataset.

LKL = DKL(q(z1∥Y )∥p(z1)) (B.4)

represents the Kullback–Leibler (KL) divergence loss to promote the Gaussian distri-
bution in the latent space, where z1 is the latent vector, p(z1) is the prior probability,
q(z1∥Y ) is the posterior distribution given the feature matrix Y , and DKL is the KL-
divergence. LReg is the squared l2 norm regularization loss of the parameters which
is used to avoid overfitting to the training data to improve the generalization ability
of the mesh VAE.

For the two-stage training in our application, in Stage 1, the mesh VAE is
trained independently. The network is initialized at random and trained end-to-end
by minimizing L1 as shown in Equation (B.2). The 128-dimensional mean vectors
µ1 from the latent space of the trained mesh VAE, will be used in Stage 2 training.
In Stage 2, we fix all the learning parameters of the trained mesh VAE and train
Enc2(·). Enc2(·) is also initialized randomly. It is trained by minimizing L2 as shown
in Equations 4.1 and 4.2.
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B.2 Part 2: Data Pair Preparation

We present more details of the process of how we prepare training data pairs
(see Fig 4.1(b)) using a car body as an example. Data can be processed in the
following steps.

1) Obtain the sideview image from an authentic 3D car mesh shape.

2) Get the binary image from the sideview image.

3) Extract the contour of the binary image, which results in a dense point set.

4) Get a simplified point set using a simple contour approximation method pro-
vided in the OpenCV-python package.

5) Get an extrusion shape using the FreeCAD Python API. Then, the original
authentic 3D mesh shape (target shape) and the extrusion shape (source shape)
form one data pair.

An approximation method is used in Step 4 because the extrusion model di-
rectly from the original contour points (a dense point set) has zigzags on its surface,
which affects the quality of the extruded shapes. The contour approximation method
can keep more points where the geometry is more complex (e.g., bumper lines, wind-
shield lines) and fewer points where the geometry is simpler (e.g., the bottom line).
In our implementation, as shown in Fig. B.1, this simplification process results in
a point set that has around 400 points (varies a little for different car models), and
we reduce the number of points by a factor of 1/4 to around 100 points for a further
avoidance of zigzags on the models’ surface, which can still preserve the contour shape
well thanks to the simplification method. It can be observed that the resulting ex-
trusion mesh model using the finally simplified point set has a smoother surface than
that using the point set directly after the simplification. In addition, to make sure the
extruded model has an equivalent scale as the original authentic model, for each point
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Figure B.1: An example showing the comparison between resulting extrusion mesh
models using a point set after the approximation method and the final simplified
point set

set, we calculate the diagonal length of its bounding box DiagP ts and the diagonal
length of the bounding box of sideview of its corresponding original authentic mesh
model DiagS as illustrated by blue dash lines in Fig. 4.1(b). We then scale down the
coordinates of the finally simplified point set by a factor of DiagS/DiagP ts. We also
move the center of the bounding box of the point set to the origin (0, 0). The top
right image in Fig. B.1 shows an example of the final simplified point set displayed
in FreeCAD.

In Step 5, to obtain the extrusion model, we need to specify the extrusion
depth in the orthogonal direction (z-axis) on the sideview. We use the z dimension
size of the bounding box of the original authentic 3D mesh model as the extrusion
depth. We store the x and y coordinates of the simplified point set and the extrusion
depth in a CSV file in Step 4, which will be used as input for a Python script using
the FreeCAD python API to generate a 2D sideview sketch first and then extrude the
sketch to an extrusion mesh model.
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We develop a set of Python scripts that fully automate the whole process, and
the scripts are made open-source for the community 1.

B.3 Part 3: Feature Representation

We present more details of how we apply the as-consistent-as-possible (ACAP)
algorithm Gao et al. (2019a) to obtain feature representations of 3D mesh shapes.
Given a set of 3D mesh shapes with the same topology, each shape is represented by
Sm, where m ∈ [1, ..., n]. pm,i ∈ R3 is denoted as the ith vertex of the mth shape Sm.
The first shape S1 is the reference shape. Let Ni represent the index set of 1-ring
neighbors of the ith vertex on a 3D shape. 1-ring neighbors are all adjacent vertices
that are connected to a vertex with one edge. We can then get the deformation matrix
Tm,i ∈ R3×3 that represents the local shape deformation by Equation (B.5).

arg min
Tm,i

∑
j∈Ni

ci,j ∥(pm,i − pm,j) − Tm,i(p1,i − p1,j)∥2
2 , (B.5)

where ci,j is the cotangent weight. Using polar decomposition, we can then get
Tm,i = Rm,iSm,i, where Rm,i ∈ R3×3 is an orthogonal matrix representing rotation
deformation and Sm,i ∈ R3×3 is a real symmetry matrix describing the scale and
shear deformation. log Rm,i is a skew-symmetry matrix, from which we can extract
3 entries (i.e., the upper triangular matrix excluding the diagonal elements that are
always zeros). Additionally, we can get 6 entries (i.e., the upper triangular matrix
that includes diagonal elements) from Sm,i since it is a symmetry matrix. Thus, for
each vertex, 9 features can be obtained and concatenated to a 9-dimensional vector
qm,i. In a result, a mesh shape with V vertices can be represented by a feature matrix
M ∈ RV ×9. The first shape S1 is a uniform cube with 9602 vertices, which is the
same as the one used in the registration process, so V = 9602 in our applications.

1https://github.com/Xingang1990/TEVAE
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B.4 Part 4: Training Details of the Approach

We present the details of the training process using the case study of car design
as an example, and the training of the neural network for mug shape generation
follows the same procedure. We apply a two-stage training strategy to train the E2D

network. We set λ = 1 in the total loss function as shown in Equation (B.1), the
value of which does not affect the training in our case per se, because we actually
minimize L1 and L2 independently.

For training the mesh VAE in Stage 1 (i.e., Enc1(·) and Dec(·)), the input
target shape dataset is randomly split into the training set (80%) and testing set
(20%). The generalization ability of the mesh VAE (i.e., whether the trained model
is overfitting to the training data or not) is evaluated by the validation loss on the
testing data (unseen data). It is also worth investigating the impact of the LKL

term on the performance of the generative network. By trial-and-error, we find that
α1 = 40 and α2 = 10 for Equation (B.2) produces the best results in terms of
the reconstruction loss, validation loss, KL-divergence loss, and the regularization
loss. In minimizing the losses, the Adam optimizer is applied with a learning rate
of lr1 = 0.0001. The batch size is set as 32, and the training batches are randomly
sampled from the training dataset. We train the mesh VAE 4000 epochs and save
the best model that has the least validation loss.

For training the Enc2(·) network in Stage 2, we also do an 80-20 split, and
meanwhile, use the data pair to make sure the ith target shape (Si

t) corresponds to
the ith source shape (Si

s) in both the training and testing sets. This ensures that
the 20% testing shapes are always unseen data. We set α = 1 in Equation 4.2. The
optimizer, the learning rate lr2, and the number of epochs follow the same setting of
Stage 1.

For stage 1, the loss values during the training process of car models are
reported in Fig. B.2(a). It can be observed that the network is learning, and all loss
terms start converging at around epoch 1000. The regularization loss is also gradually
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Figure B.2: (a) The loss values from Stage 1 training of the car models; (b) The loss
values from Stage 2 training of the car models

reduced, which can prevent the network from overfitting to the training dataset, and
thus improve the generalization ability of the network. For stage 2, the loss values
in every 100 epochs are shown in Fig. B.2(b). Note that the validation loss achieves
the least value at epoch 100 and then converges to a higher loss value. However, in
light of the total loss and the overall performance of the Enc2(·) network, we select
epoch 2700 as the best model, which has the second least validation loss, but with
much lower regression loss and regularization loss compared to those at epoch 100.

256



Appendix C: Appendix for Chapter 7

The training loss values for both the car and aircraft models were recorded and
documented in Figure C.1. It was observed that all loss terms reached convergence,
indicating successful training. Specifically, for car models, the PartVAEs were trained
for 10000 epochs, followed by training the SPVAE for 20000 epochs. On the other
hand, for the aircraft models, the PartVAEs were trained for 5000 epochs, followed
by training the SPVAE for 10000 epochs.
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Figure C.1: The training loss values, including reconstruction loss and KL divergence
loss, were recorded for both the car and aircraft models during the training process.
However, for the purpose of showcasing the training of PartVAEs, we have chosen to
highlight the loss values specifically for the training of the body components of the
car and aircraft because similar trends were observed in the loss values for training
other parts as well.
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