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Abstract

In automotive design optimizations, engineers intuitively look for suitable representations
of CAE models that can be used across different optimization problems. Determining a
suitable compact representation of 3D CAE models facilitates faster search and optimization
of 3D designs. Therefore, to support novice designers in the automotive design process,
we envision a cooperative design system (CDS) which learns the experience embedded in
past optimization data and is able to provide assistance to the designer while performing
an engineering design optimization task. The research in this thesis addresses different
aspects that can be combined to form a CDS framework.

First, based on the survey of deep learning techniques, a point cloud variational
autoencoder (PC-VAE) is adapted from the literature, extended and evaluated as a shape
generative model in design optimizations. The performance of the PC-VAE is verified with
respect to state-of-the-art architectures. The PC-VAE is capable of generating a continuous
low-dimensional search space for 3D designs, which further supports the generation of novel
realistic 3D designs through interpolation and sampling in the latent space. In general,
while designing a 3D car design, engineers need to consider multiple structural or functional
performance criteria of a 3D design. Hence, in the second step, the latent representations of
the PC-VAE are evaluated for generating novel designs satisfying multiple criteria and user
preferences. A seeding method is proposed to provide a warm start to the optimization
process and improve convergence time. Further, to replace expensive simulations for
performance estimation in an optimization task, surrogate models are trained to map each
latent representation of an input 3D design to their respective geometric and functional
performance measures. However, the performance of the PC-VAE is less consistent due to
additional regularization of the latent space.

Thirdly, to better understand which distinct region of the input 3D design is learned
by a particular latent variable of the PC-VAE, a new deep generative model is proposed
(Split-AE), which is an extension of the existing autoencoder architecture. The Split-AE
learns input 3D point cloud representations and generates two sets of latent variables for
each 3D design. The first set of latent variables, referred to as content, which helps to
represent an overall underlying structure of the 3D shape to discriminate across other
semantic shape categories. The second set of latent variables refers to the style, which

represents the unique shape part of the input 3D shape and this allows grouping of shapes
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into shape classes. The reconstruction and latent variables disentanglement properties
of the Split-AE are compared with other state-of-the-art architectures. In a series of
experiments, it is shown that for given input shapes, the Split-AE is capable of generating
the content and style variables which gives the flexibility to transfer and combine style
features between different shapes. Thus, the Split-AE is able to disentangle features with
minimum supervision and helps in generating novel shapes that are modified versions of
the existing designs.

Lastly, to demonstrate the application of our initial envisioned CDS, two interactive
systems were developed to assist designers in exploring design ideas. In the first CDS
framework, the latent variables of the PC-VAE are integrated with a graphical user
interface. This framework enables the designer to explore designs taking into account the
data-driven knowledge and different performance measures of 3D designs. The second
interactive system aims to guide the designers to achieve their design targets, for which
past human experiences of performing 3D design modifications are captured and learned
using a machine learning model. The trained model is then used to guide the (novice)
engineers and designers by predicting the next step of design modification based on the

current applied changes.
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Chapter 1

Introduction

During the process of digital development of new automotive designs, engineers intuitively
exploit their experience across several product generation cycles to address current opti-
mization challenges. However, often synergies between the optimization instances of similar
problems are missing, e.g., current designs have different parameterizations compared to
past designs, or different performance metrics are used. Additionally, at each product
generation cycle, there is an increasing number of multidisciplinary requirements that
must be considered before finalizing a car design prototype.

Car prototypes generated by automotive designers at each generation cycle are often
modified versions of the previous generations with added functionalities and improved
performances (Fig. 1.1). Mostly, automotive designers use computer-aided design (CAD)
and engineering (CAE) tools to manually generate virtual prototypes, modify or update
existing prototypes according to their design vision, and engineers utilize these prototypes
for design optimization tasks. Both engineers and designers intuitively leverage knowledge
from past experiences to solve new optimization problems targeting faster convergences.
Therefore, in the context of automotive design optimization, it is beneficial to learn the
notion of experience from past optimization data to help in improving the solutions in
future optimizations. These challenges are addressed in the Experience-based Computation:
Learning to Optimize (ECOLE)! project, where the target of the project is the research
and development of novel methods to integrate experience extracted by machine learning
algorithms along a line of similar optimization problems in the automotive domain.

Prior research demonstrates different approaches for learning from past experiences.
Most popular approaches involve extracting knowledge or experience from past solutions
[1, 2], learning from past search experiences [3], and reuse of past model-based information
[4]. Here, we consider the notion of experience can be defined in the following two ways:

The first procedure refers to the experience embedded in (engineering) data, which is

!This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement number 766186 (ECOLE). https://cordis.europa.eu/project/id/
766186.
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Fig. 1.1 Finalized car designs for each product generation cycle go through several multi-criteria based
optimizations. The vision is to transfer the experience of car design optimization from previous generations
to future design optimizations in the automotive domain.

collected over the course of optimization runs. A systematic approach to learn, model and
transfer past (or benchmark) designs to new optimization problems accelerates the design
finalization duration. For example, learning design features and simulated performances
from prior optimization runs allows both designers and engineers to sample, combine,
and assess the performances of current novel solutions faster and more accurately, which
accelerates the design process. The second procedure refers to the human experience,
which resembles the engineers’ approach of performing past design optimizations and is
harder to capture. Hence, in this research, the focus is on the former approach.

The challenging part of exploiting the experience embedded in engineering data is the
high dimensionality of existing CAE designs that are collected from prior optimization
runs. This increases the complexity of the design domain and hinders the search and
analysis of optimization results. Further, engineers usually select design features for
optimization based on their domain expertise, and often these design features differ from
one optimization to another within the same domain. Even though engineers utilize
CAD/E tools for most of the current engineering designs, mining design features from
CAE data is challenging due to the sparse, unstructured, high-dimensional nature of the
data samples. Therefore, generating an efficient low-dimensional compact representation
of 3D designs is a key step for extracting knowledge from prior engineering data and

optimization cycles, and transferring it across new optimization problems.

1.1 Research Overview

1.1.1 Problem Formulation

In automotive digital development, simulations are used to evaluate design properties

such as aerodynamic drag efficiency, thermodynamic properties, stiffness of structural
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components, and crashworthiness. Besides technical aspects, successful and innovative
designs rely on human engineers in the loop to ideate and realize conceptual directions.
To support designers at each product generation cycle, we envision a cooperative design
assistance system (CDS), which will guide the designer by generating potential design
alternatives. This provides freedom to the designer to rethink, discuss, and adapt promising
product directions. Formulating a CDS framework is related to solving the computational
synthesis (CS) problem, which focuses on automatizing methods in engineering design

optimizations.

Overview of a Computational Synthesis Approach

Computational synthesis (CS) results in building either a fully automated or an interactive
approach to generate a range of design alternatives, which accelerates convergence in
optimizations. Ideally, CS [5, 6] is invoked in situations where achieving a solution requires
the generation and evaluation of countless alternatives or when human designers are often
in doubt or uncertain about the next course of action to perform. Many CS approaches
have benefited from the application of optimization algorithms, such as evolutionary
algorithms (EAs) [7-9]. A common model for computational design synthesis using EAs is
presented in Fig. 1.2, where the flowchart is divided into four main steps: representation,

generation, evaluation, and guidance.

@

User Defined:
Problems description,
constraints & objectives

Representation
(Solution space)

\
Designer tasks: ¢ - Selection
- Interpret solutions @ /| - Recombination
@ - Rephrase problem Generation\ - Mutation
descriptions

@ Solution search

g : space
Final Demgn < — Guidance P Evaluation

Fig. 1.2 Overview of computational design synthesis for generating automotive designs. Adapted from [6].

The first step (Fig. 1.2) involves defining objective functions (design goals), and
constraints. The representation of a design effects significantly on the success of any
optimization. Hence, based on the problem descriptions, the second step is to define a
suitable compact representation that captures the forms or attributes of the 3D designs.
These compact representations are also known as decision variables, which form the new

solution space for any search and optimization task. After the problem and solution
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space are defined, an optimization involving multiple criteria is performed to determine
optimal final solutions. For example, a two-objective design optimization can be performed
by minimizing or maximizing two objective functions fi(2) and f»(2), where 2 is a n-
dimensional decision variable vector that represents a 3D design. While the solution space
is generally restricted by a series of constraints and bounds on the decision variables, the
target of the optimization is to find a vector z* that minimizes both objective functions.

Next, in the solution search space, new candidate solutions are generated using selection
and crossover of existing solutions. Each generated candidate solution is assessed in the
evaluation step to determine how well it matches the objectives and constraints of the given
optimization problem. Based on the performance of the generated solutions, guidance
or feedback is implemented to improve the search process and to help the optimization
algorithm to find better solutions in the next iteration. Guidance drives the generation
process in a given direction to improve the generation of novel, interesting solutions. Lastly,
after several iterations, the final solutions are generated, which are shown to the designer.
In the final step, the human designer provides feedback on the current optimization

approach and based on that, the problem description is reformulated iteratively.

Conceptual Framework

To accomplish a CDS framework following the computational synthesis steps, the first
challenge is to determine a compact parameterization of CAE models that is common to a
large set of optimizations and retains the knowledge and experience of the designer. Often
in engineering applications, the representation of 3D CAE models is not canonical and is
often tailored based on the expertise of the engineers. Designers or engineers manually select
the design parameters based on their experience, objectives and domain of optimization.
However, design parameters often differ from one optimization to another, and even
between problems that belong to the same domain. Additionally, the representation
changes over time due to higher fidelity of models and adaptation of parameters based
on optimization scenarios. Therefore, selecting a handcrafted design parameterization
depends on the expertise of engineers, regardless of the selected method. This often leads
to the generation of sub-optimal solutions due to limited knowledge about the problem
domain and makes it difficult if not impossible to extract the knowledge from a large
design data set.

Commonly used design parameterization techniques involve basis function, polynomial
spline, computer-aided design (CAD) and free form deformation (FFD)[10]. Direct
manipulation of FFD has several advantages when combined with optimizations [11].
Although FFD provides an efficient parameterization approach for shape deformations,
knowledge about past experience is not incorporated in this set-up. Hence, the first key

element to building a CDS is to identify an efficient design parameterization common to
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all design optimizations, that is capable of incorporating knowledge from engineers and
represents 3D designs with fewer parameters.

The parameterized designs constitute the optimization search space, where the de-
sign candidate solutions are best organized in such a way that solutions with similar
configurations are close to each other. Often, for automotive design generation tasks,
the final design needs to satisfy multiple constraints. To generate this final design which
satisfies user-defined objectives and constraints, an iterative search and evaluation of
design solutions needs to be performed in the solution space. Additionally, the generated
designs should be novel and realistic shapes that are feasible for engineering applications.
Therefore, the research in this thesis addresses these different steps for building a CDS

framework.

1.1.2 Research Questions

Apart from the described need in automotive design, the motivation for developing a
CDS framework for automotive designers and engineers arises from observing the existing
2D design assistance frameworks, such as ShadowDraw [12] and SketchRNN [13]. These
frameworks learn from experience embedded in prior collected drawing data and utilize
machine learning models for providing real-time guidance to human users while drawing
online. ShadowDraw relies on a database of hand-drawn images of human sketches and
provides feedback to novice users while sketching a new drawing by offering opaque visual
layers of potentially similar objects (Fig. 1.3a). SketchRNN is a generative, deep neural
network trained on a database of hand-drawn sequences by human users (Fig. 1.3b).
Training a generative model has several applications, from assisting the creative process of
an artist to helping to teach students how to draw by proposing alternative design ideas.
Thus, both frameworks use the notion of experience from past 2D hand-drawn data to

learn, model and assist with current design optimization tasks.

sketch-rnn bicycle predictor.

(LIl =~
1<) 7 d S
/‘ | \\ - , N AN S~ (\\% )VE

draw partial bicycle.

start over bicycle V|| random || predict
(a) (b)

Fig. 1.3 a)ShadowDraw: The left image indicates the user’s view of the shadow image, and the right side
is the shadow image searched from the data set. b) SketchRNN: The user starts drawing a bicycle on the
left side of the framework, and the model predicts the rest of the parts to complete the partial bicycle.
Tmage sources: [12, 13].
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With recent advancements in geometric deep learning (GDL) methods, deep generative
models like (variational) autoencoders simultaneously learn high-dimensional geometric
data and extract useful features, which help to represent a 3D design with a compact set
of design parameters. When trained on 3D designs, deep generative models learn features
that hold information about the structural properties of 3D designs and are transferable
between different designs. Hence, these methods have the potential to learn from prior
engineering data and represent each 3D design with a compact set of design parameters
that will accelerate the search and optimization of 3D designs. Therefore, following the
concept of an experience-based design assistance framework in the 2D domain, the driving

practical vision for this thesis reads as follows:

Developing core components of an experience-based cooperative design system (CDS),
where generative models are used to provide guidance or potential alternatives, giving

the designer the freedom to rethink, discuss, and adapt promising product directions.

Different from the 2D assistance frameworks that are used for creative applications, an
experience-based design assistance framework for automotive design explorations should
support the generation of realistic 3D designs satisfying multi-disciplinary requirements.
Existing tools like Maya [14] and CAD support the exploration of 3D design ideas by
providing the flexibility to modify 3D shapes easily. However, engineers solely need to
depend on their expertise to operate these tools, due to the lack of collaborative assistance.
Hence, the aim for developing the CDS framework is to utilize generative models to learn
from prior available engineering data and create a common unified search space for different
optimization tasks. In general, prior engineering data refers to 3D CAE models and there
are multiple forms of representations of 3D geometries for training generative models.
Therefore, the first research question answers the type of 3D representation that will be

used in the context of this research (Chapter 2).
RQ 1. Which 3D representation is suitable for efficient training of deep learning models?

With recent advancements in deep learning algorithms, generative models learn the
patterns of the input data in an unsupervised approach and encode a meaningful low-
dimensional latent manifold of the externally observed input data. A generative model
creates a probabilistic latent space, such that new examples can be generated by sampling
from the latent space. These newly generated 3D designs can be given back as suggestions
to provide inspiration for design exploration. Yet, the use of these deep generative models
for engineering optimizations is sparsely addressed in the literature. Hence in this research,
the second challenge is to investigate which model is the most suitable deep generative
model for learning 3D engineering design data (Chapter 3). To utilize the generative
model for an engineering task, the reconstruction and shape-generative performance of the

generative model needs to be evaluated. This leads us to our next research question:



1.1 Research Overview 7

RQ 2. How well can a generative model learn a compact representation of 3D designs for
engineering optimization? And is this model suitable for generating diverse unseen

designs that are useful for engineering applications?

Another challenge in an automotive design process is the need to consider multi-
disciplinary criteria. These comprise of aesthetic design targets as well as engineering
criteria, such as aerodynamic and structural efficiency. Even though CAE/ D tools fa-
cilitate performing modifications of 3D designs, the necessity to simultaneously reach
various potential targets leads to considerable complexity in the design process. Despite
the shape-generative capability of generative models, the appropriateness of the latent
manifold for performing multi-criteria-based design optimizations is less explored in the
literature (Chapter 4). Moreover, the generative models are trained in an unsupervised
fashion. Hence, a detailed analysis of the learned latent variables in terms of representing
structural and functional information of 3D designs is currently missing (Chapter 4). The
following research questions are formulated to answer whether latent manifolds are fit for

multi-criteria-based design optimization.

RQ 3. How can the data-driven latent space be utilized to generate design solutions that

satisfy multiple criteria?

RQ 4. Does the latent space of the deep generative models hold relevant information
about the structural or functional properties of 3D designs? Can a surrogate model
be trained on the latent manifold to replace expensive performance simulation or

function evaluations in a design optimization problem?

However, even if generative models learn meaningful features of 3D designs, these
learned features lack interpreting ability, i.e., a single feature that does not correspond
to a distinctive interpretable characteristic of a 3D design. In the context of novel 3D
shape generation, the identification of these interpretable features would enhance the
shape-generative capability of the generative model by providing the freedom to transfer
or combine different features to generate novel design variations (Chapter 5), which leads

to the following research question,

RQ 5. How can the design features learned by a deep generative model represent different
interpretable aspects of 3D designs? How can we transfer the unique parts or design
features of a 3D shape to another shape, such that the recombination of design
features from two distinctive shapes generates a novel shape combining the essence
of both 3D designs?

Apart from building a suitable generative model for efficient search and optimization of

3D designs, the research in this dissertation is also motivated by the task of the designer.



8 Introduction

This leads us to investigate the use of the generative model for assisting designers in a design
concept generation task. Generally, for new design ideation, the designer starts either from
scratch or an initial design or may choose some alternative methods to modify designs,
such that they match his/her targets. Therefore, to provide collaborative assistance to
the designer, an interactive framework is needed to guide the designer for target-oriented
design exploration in the latent manifold (Chapter 6). This approach of latent space-based
collaborative assistance exploits the experience embedded in the design data collected
from past optimization histories. However, an alternate perception of experience in a
design task refers to tracking the designers’ approach to similar past optimization tasks,
which remains mostly untouched in this research. Hence, in addition to the engineering
data-driven assistance framework, a practical scenario-driven study is done in Chapter 6
to capture past human-experience data. Further, a deep learning model is used to learn
the captured human sequence data and to predict future design steps based on the history
of currently performed design modifications. Thus, depending on the type of experience
data, we investigate and develop different forms of assistance that can support a designer
in a design concept generation task, which eventually leads to the research questions as

follows:

RQ 6. How to exploit and learn engineering experience from past design optimization
tasks using DL models? And how to utilize the trained DL model for formulating
different assistance to collaboratively help designers in a present design ideation
task?

1.2 Thesis Outline

The remainder of the thesis is outlined based on the proposed research questions. Towards
developing an experience-based design assistance framework for engineering optimization,
the scope of the present dissertation is divided into three steps, which are addressed in
different chapters in this thesis (Fig. 1.4). The first step involves the pre-processing step,
where we determine the representation type of the 3D CAE models. The second step
involves the main components of this research, which involves building the generative
model for creating the low-dimensional search space of 3D designs. This search space is
evaluated for search and optimization of 3D designs. In the third step, an interactive
assistance framework is set up for generating 3D designs based on user preferences. Each

chapter addresses the following works:

Chapter 2 provides a review of the 3D representations and introduces the background
of the generative models from the field of geometric deep learning. Eventually, this

section comes to a decision regarding the preferred 3D shape representation for this
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Fig. 1.4 Steps of an experience-based design optimization framework that are addressed in this dissertation.

research (RQ1) and deciding the type of generative model suitable for learning the
selected 3D representation.

Chapter 3 introduces the proposed generative model, i.e., the point cloud variational
autoencoder (PC-VAE) for learning 3D point cloud representations (RQ2). The
network learns without supervision to create a low-dimensional latent manifold of
3D representations. Lastly, the reconstruction and shape generative capability of the
PC-VAE is evaluated for engineering applications.

Chapter 4 investigates the information learned by the PC-VAE from the previous chapter.
The first section analyzes the feasibility of the latent manifold for performing multi-
objective optimizations of 3D designs, and a method involving latent space knowledge
is proposed to improve the convergence of optimization algorithms (RQ3). The second
section focuses on analyzing the information content in the latent representations

and on using these representations to train surrogate models for replacing expensive
simulation in optimization tasks (RQ4).

Chapter 5 addresses the challenges of controlling interpretable aspects of 3D shapes
with latent variables. A novel deep generative architecture is introduced to learn
disentangled features, such that latent variables map to the common and unique
shape parts of different car designs (RQ5).

Chapter 6 combines the proposed methods from prior chapters to set up an interactive
framework for providing suggestions to the designer in a design optimization task
(RQ6). Additional to this 3D design data-driven approach of creating a cooperative
framework, a preliminary investigation is done on modeling prior human-experience

data to generate an alternative way of suggesting designs.

Chapter 7 concludes the thesis and gives an overview of the outlook and directions for
future work.
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Chapter 2

Background on 3D Representations

and Geometric Deep Learning
Models

As discussed in the previous chapter, learning a compact representation of 3D design
features that are suitable and transferable between different design optimization problems
is a promising step to accelerate the search and convergence in design optimizations.
The first step to learn design features from existing CAE models is to choose a baseline
representation of 3D designs, and the second step is to determine the type of deep learning
(DL) based generative model that can learn from the selected type of 3D representation.
These two pre-processing steps constitute the prerequisite for learning the notion of
experience from benchmark CAE data in an offline fashion. Therefore, in this chapter, a
survey of the current state-of-the-art in 3D representation is presented. This helps us to
determine which representation would be most suitable for research in this thesis (RQ1).
Further, the details and background of the existing generative models are reviewed that
learn on the chosen 3D representation.

The rest of the chapter is outlined as follows: In Section 2.1, commonly used 3D
representations are introduced, and their properties are discussed, especially focusing on
training deep learning models that takes these 3D representations as input. In addition to
this, the available benchmark data sets of 3D models are introduced (Section 2.2). The
next Section 2.3, introduces the state-of-the-art deep learning models for learning 3D

representations, mainly using generative models.

2.1 Types of 3D Representations

The difficulty of a learning task using the DL approach can vary significantly depending

on the choice of the data representation. Having a representation that is well suited to the
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particular task and data domain can significantly improve the performance of the chosen
model [15]. Mostly, digital 3D data is created through a manual design process, using
Computer Aided Design (CAD) tools, or by reverse engineering of prototypes using modern
scanning technology. 3D data can have various representations, where the structure and
the geometric properties vary from one representation to another. The representations are
either Euclidean or non-Euclidean. The former signifies that the data points are positioned
on a fixed grid like structure, e.g., images and parametric surfaces. While non-Euclidean
representations mean data points are located at an arbitrary position in the 3D space
and do not have a global parameterization. Each of the representations comes with its
own advantages and disadvantages. The most used 3D geometric representations that are
utilized in engineering applications are categorized into polygonal mesh, voxel, and point
clouds (Fig. 2.1).

Mesh Voxel Point cloud

Fig. 2.1 Example of three types of non-Euclidean representations.

Polygonal Meshes: Polygonal meshes are the most efficient 3D representation in terms
of capturing object details and memory storage. A polygonal mesh is a collection of
vertices, edges, and faces that define the shape of a 3D object with polygonal surfaces and
sharp corners. The mesh contains a connectivity list that describes how each vertex is
connected to one another, and a normal vector is assigned to every vertex.

In the engineering domain, meshes are mainly utilized for simulation [16] and man-
ufacturing tasks [17]. Ideally, a mesh is watertight; i.e., the mesh consists of one whole
surface with no disconnected edges. Unfortunately, this is not the case for all existing CAE
models and standard benchmark data sets [18]. Further, learning from mesh structure
needs necessary pre-computation of the neighboring vertex correspondence information.
Also, adapting a mesh to multiple geometries is a challenging task due to the lack of
correspondence between the underlying mesh structures of different geometries. Hence,
learning 3D meshes is a challenging task because it needs expensive pre-processing and

quality checking on the 3D mesh geometries.

Voxels and Octrees: Voxel grids represent an object as a uniform 3D grid, where a

non-zero value is assigned to the cells that belong to the occupied and non-occupied parts
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of the shape. Therefore, learning from the voxel representation involves learning the
volumetric grids, which partition the input space into regular cubes. This introduces extra
computation costs due to the sparsity of high-dimensional 3D data and requires enormous
memory storage. Additionally, considering a low-voxel resolution hides fine details of
the input geometries, which is also currently an issue for applicability of the voxels in
combination with DL methods that rely on fine-grained details of the input geometries.
Although encouraging progress has been achieved using voxel-based representations for
object detection [19] and style transfer [20]. However, voxel-based methods are unable
to scale well to dense 3D data, since the computation and memory requirements grow
cubically with higher resolution.

To overcome the insufficient memory usage of the voxel representation, octree graphs
are introduced for the storage of voxel information [21, 22]. Octree is a hierarchical
graph-based representation, which is formed by recursively partitioning the entire 3D space
into sub-spaces, known as octant. The disadvantage of this representation is the need for
expensive neighborhood data-preparation to hold information about the octant belonging
to different leaves. However, with voxel or octree representation, an object or a scene can
only be approximated, but not fully represented [23]. This is because a voxel or an octree
decomposes 3D objects into smaller blocks, but 3D properties like surface curvature are

lost.

Point-Clouds: A point cloud is an unordered list of points that approximate 3D geome-
tries and each point in the point cloud is represented by three coordinates (x,y, z) in a
Cartesian coordinate system. Point clouds are a sparse, memory-efficient data format used
in several DL applications like classification [24], object recognition [25, 19], segmentation
[26, 27], and generative tasks in autonomous driving community [28, 29]. However, for
direct application of point clouds in engineering domains, it needs a post-processing step to
convert point clouds to polygonal meshes [30]. Nevertheless, the point cloud representation
is easily scalable and preserves the original geometric information in 3D space without
any discretization. Further, 3D point clouds can be sampled from the CAE models, where
the user has better control of defining the number of sampling points, which makes the

point cloud representation one of the popular choices for DL research.

2.2 Benchmark Dataset

A key assumption for training a deep neural network model is the availability of an existing
dataset of 3D shapes for training the network, regardless of the type of 3D representations
processed by the DL model. A dataset consists of a set of 3D objects that are available on

the internet with free or commercial licenses. Public datasets consist of different objects
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like cars, airplanes, chairs etc. and are typically stored in a triangular mesh format. In the
context of 3D supervised and unsupervised learning, two 3D datasets have become popular
for scientific research. The first is the ModelNet [31] curated by Princeton University and
the second is the ShapeNet [18] curated by Princeton University and Stanford University.
The 3D shapes in these datasets often originate from online object repositories. However,
some shapes are manually selected, tagged, and reviewed by crowd sourcing or by the
researcher involved. These refined 3D shapes are typically published in subsets of ModelNet
and ShapeNet, named as ModelNet40 and ShapeNetCore.

ModelNet40 [31] is a data set of 3D CAD models of the most common object categories
in the world, consisting of over 12,311 pre-aligned shapes from 40 categories. The CAD
models are stored in object file format (OFF) and have been extensively used in shape
retrieval and classification tasks [31]. ShapeNetCore [18] is a subset of the ShapeNet dataset
with clean 3D models that are manually verified. The 3D shapes in this dataset are aligned,
scaled, and stored as .obj format with the class annotation and original dimensions.
It consists of 51,300 unique 3D shapes that cover over 55 common object categories
and are used extensively in research related to shape generative task, classification and
segmentation. Since the research in this dissertation focuses on automotive designs, we

rely on the shapes from the car class of the ShapeNetCore dataset.

2.3 Geometric Deep Learning

The essence of DL focuses on extracting hierarchical features of the input data using
neural network models and training the models with local-gradient descent, known as back-
propagation. Within DL, geometric deep learning (GDL) [32] is a subclass which emphasizes
learning on 3D geometric representations. GDL aims to bring geometric unification to
DL, where commonly used neural network architectures, such as convolutional (CNNs),
graph (GNN), and recurrent neural networks (RNNs) are used for learning non-Euclidean
3D data. However, the performance of any DL model is heavily dependent on the choice
of representation of the 3D geometry on which it is applied [15]. Therefore, feature
engineering of the input data is important prior to training a DL model, even though it is
a labor-intensive task.

With recent advancements in computational power, a novel technique known as
representation learning (RL) [15] has been introduced in machine learning community.
RL focuses on extracting features automatically and learning patterns from the input
data for classification and prediction tasks. Popular deep neural-network architectures
for unsupervised RL learning are restricted Boltzmann machines (RBMs) [33], deep belief
networks (DBNs)[34, 35], and autoencoders (AEs) [36].
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The RBM [33] is a shallow neural network to learn patterns in the input data. RBM
architecture consists of input and hidden nodes interconnected with each other for infor-
mation sharing. The network does not generate any outputs since there is no output node
in this model. A DBM is a stacked layer of RBM, which has hidden layers to compute the
probability distribution of the input data. However, RBMs and DBMs are less frequently
used compared to AEs, which are probably the most versatile unsupervised learning models
[37]. The AE network has a bottleneck layer (latent representation) and it learns the
data representation with the aim of recovering maximum information of the original input.
Training the AE network by minimizing reconstruction objective, enforces to retain all
invariant feature information in the encoded latent representations.

Similar to the latent variable models like AE, another popular unsupervised repre-
sentation learning model is a generative model [38], which is the popular choice in many
computer-vision applications in the absence of labeled data. Generative models are proba-
bilistic models, which capture the underlying explanatory factors of the input data in a
posterior distribution and make it possible to generate new samples that seem to belong to
the original data distribution. Due to their capability to generate new examples, generative
models have been used for numerous successful applications, such as data augmentation[39],

generation realistic images[40], and RL [41].

2.3.1 Generative Models

The goal of the generative model is to learn the probability density function p(x), which
describes the behavior of the input 3D data . Modeling 3D data in a generative way offers
a distinctive advantage, as it allows sampling novel 3D geometries from the probabilistic
latent space, which are either explained implicitly or explicitly using a Gaussian or uniform
distribution. The implicit models do not compute p(x) but learn a mapping that can be
used to generate samples by transforming a simple random variable [42-44], and explicit
models define a density function of the distribution or approximate it [45, 46]. Implicit
models, like Generative Adversarial Networks (GANs), need to only specify a stochastic
procedure to generate data [38]. While explicit models such as, Hidden Markov Models
(HMMs) [47], Belief Nets [34] and Variational Autoencoders [48], can either compute the

exact density function or approximate using latent variable models.

Latent Variable Models

A latent variable (LV) model is a statistical model that maps a set of input variables x
to a set of latent variables z and is trained by maximizing the log-likelihood estimation

(MLE) [49] of the training data z, via a neural network model parameterized by 6. The
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MLE is represented as,

N

oML — arg max ; log pg(x;)

j=1 (2.1)
where po(2) = [ poz]2)p(z)dz

The MLE tries to map the probability distribution p(z) into latent variables z that follow
a prior distribution p(z). In this general framework, the prior p(z) is usually a standard
Gaussian distribution, and the likelihood py(x|z) is a distribution, whose parameters
are computed using a neural network, known as generators. The complexity of this
generative neural network and intractability of the log-likelihood (Eq. 2.1) motivates
the introduction of two main generative models: Variational Autoencoders (VAEs) and
Generative Adversarial Networks (GANs).

Variational Autoencoders (VAEs)

VAEs [48, 41, 50] are generative models, built on the principle of latent variable models.
The difference in the VAE from neural network-based autoencoder is that the VAE
estimates the latent variable from a probabilistic perspective. The VAE assumes a joint
distribution over the latent variables and approximates the intractable posterior density
over the latent variables with variational inference, using an inference network. The VAE
architecture consist of a probabilistic encoder (eg) and a decoder (d,), where 6 and ¢ are
the neural network parameters of the encoder and decoder respectively. The loss function
depends on individual data points of the input z. Therefore, the total loss is summation

over all N data points, i.e., Z;V:l lj.

L
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LKL
where py, and oy, are the k-th component of output vector p(z) and o(z). The first term
is the reconstruction loss (L, econ) Or the expected negative log-likelihood of the j-th data
point, and the second term denotes the Kullback-Leibler (KL) divergence loss function
(Lxkr). The VAE is trained by balancing these two components of the loss functions, where

KL-divergence acts as a regularizer of the latent space.

Generative Adversarial Networks (GANs)

GANSs [38, 28, 42, 40] follow an opposite view of VAEs and do not optimize the log-

likelihood of the data. Instead GANs rely on adversarial training, using a generator and
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a discriminator. The generator aims to synthesize samples that look indistinguishable
from the input data by passing a randomly drawn sample from a simple distribution p(z)
through a generator function (G). Next, the discriminator (D) distinguish synthesized
samples from real samples. The generator loss L5 and the discriminator loss £p adopt

opposite objectives (Eq. 2.3), which are represented as,

minmax = E, (o) [l0gD(2)] + E.po[log(1 — D(G(2))] (2.3)

Lp L

Even though GANs provide a good generative framework to produce realistic samples,
they suffer from non-convergence, mode-collapse and vanishing gradients [51]. Many
researchers have been devoted to this problem theoretically [42, 52|, or empirically [44, 53].
Consequently, researchers use various forms of regularizations to improve the training
convergence of a GAN [54, 55], but still the hyper-parameter tuning remains challenging.
Additionally, GANs do not explicitly describe a probability distribution over data and
hence are difficult to evaluate. Therefore, in this research, a VAE is used as a generative

model for learning on point cloud representations of 3D CAE models.

2.3.2 Generative Models for Learning 3D Representations

Most of the generative models for learning on point-cloud representations follow the
PointNet architecture [24], which address the invariance of unorganized point clouds
with respect to the ordering of the points in point cloud data. Both the PointNet [24]
and PointNet++ [56] addresses the permutation invariance of points in point clouds by
handling the input data with point-wise operators followed by a global operator, e.g.,
max-pooling. Even though such a network is not a generative model, PointNet has been
effective in several tasks, such as semantic segmentation [57, 58] and object classification
tasks [59]. Therefore, many DL models adapt the architecture of the PointNet to learn
from unstructured point clouds for its simplicity and strong representation capability.
The popular autoencoder architecture proposed by Achlioptas et al. [60], is built on the
PointNet, where the encoder is like the PointNet and the decoder includes fully connected
layers. The encoder is comprised of five 1D convolutional layers followed by a max-pooling
layer, which aggregates the learned features into a latent representation. The shapes
are reconstructed by passing the samples from the latent space through the decoder,
which predicts the Cartesian coordinates of the points. The autoencoder architecture is
trained on point cloud representations of ShapeNetCore [18], and the author trained an
additional Gaussian mixture model (GMM) on the latent space of AE (AE+GMM) to
overcome the limited generative capabilities of the AE. Hence, the network outperforms
co-existing models in shape-generative and classification tasks. Other research [61] on

autoencoder trained on point cloud representations shows that transferring features using
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an AE between two different geometric shapes results in a fuzzy point cloud, which may
be a consequence of the irregularity in the latent space of the AE in the absence of any
regularization technique.

Variational autoencoders (VAEs) are probabilistic versions of the autoencoder archi-
tecture, which address the issue of non-regularized latent space by enforcing additional
constraints on the distribution of the latent variables. The original VAE [48] is trained with
the combination of reconstruction error and KL-divergence and achieved limited disentan-
glement performance on the MNIST dataset. To improve latent variable disentanglement,
Gonen et al. [62] proposed 8-VAE, where the coefficient 5 regulates the strength of the KL
divergence, and hence, imposes a limit on the capacity of the encoded latent information.
With this modification, VAE has been successfully used to learn geometric data for various
tasks, such as 3D shape reconstruction from 2D images [63], 3D shape segmentation [64],
shape generation from segmented objects [65], as well as data-augmentation [66—68]. Most
of these works trained the VAE on manually labeled segmented 3D shapes or on 2D images
of 3D shapes. Further, VAEs introduced in these works are not evaluated for engineering
design optimizations; i.e., the VAEs ability to generate realistic, novel 3D shapes.

The two networks closest to our goal of generating novel and diverse shapes are
CompoNet [69] and adversarial autoencoder (AAE) [70]. CompoNet is a generative neural
network for 2D or 3D shapes based on part-based prior, which relies on a VAE for 2D shape
synthesis. However, for 3D shape generation, Schor et al. [69] used the above-mentioned
AE+GMM. Zamorski et al. [70] proposed an end-to-end solution to generate 3D shapes
with an adversarial autoencoder (AAE) for 3D point clouds using binary representation
in the latent space. The AAE differs from a VAE in the loss computed on the latent
space, where the AAE uses the adversarial loss like a GAN, and the VAE uses the KL
divergence to enforce regularization of the latent space. Zamorski et al. [70] trained the
adversarial model with the Earth-Mover distance (EMD) and analyzed the model with
various objectives, such as 3D point cloud clustering and object retrieval. Hence, a VAE

tailored to engineering design optimization is still missing in the literature.

2.4 Conclusion

This chapter presents a survey of geometric representations and deep learning models for
generating a common design space for automotive optimizations. The main objective is to
answer R(Q)1, which focuses on analyzing the suitable 3D representations for training a DL

model.

RQ 1. Which 3D representation is suitable for efficient training of deep learning models?
Existing CAE models hold handcrafted features by the designer, providing an effective

way to learn from the models. Therefore, to exploit the notion of experience hidden
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in 3D CAE models collected over past product design cycles, 3D point clouds provide
the best trade-off between the quality of the representations and the computational
effort for training a DL model. Additionally, the point-cloud representations are

easily scalable to higher dimensions to capture more details of the 3D shapes.

With respect to the type of 3D representation selection and based on the presented
review on the state-of-the-art deep learning models, the variational autoencoder (VAE)
proves to be the most suitable generative architecture for three main reasons. First, a
VAE learns the existing 3D data distribution using unsupervised learning. Second, the
network creates a compact low-dimensional solution space for search and optimization
of 3D designs. Lastly, the VAE trained on 3D point cloud representations provides the
flexibility to generate new designs from the probabilistic latent space, which is key for
using a VAE in creative design exploration tasks.

Compared to prior introduced VAEs in the literature that are utilized for different
applications, this research focuses on introducing a point cloud variational autoencoder
(PC-VAE) tailored for engineering design optimization tasks. Hence, the PC-VAE is used
to learn point cloud representations of car shapes available in the ShapeNetCore repository
[18]. In the following chapters, the architecture of the PC-VAE is detailed along with a set
of experiments to evaluate the performance of the model for multi-criteria-based design
optimization tasks.






Chapter 3

Generative Variational Autoencoder

for Learning on 3D Point Clouds

Based on the reviewed literature in Chapter 2 and in the context of our envision design
optimization framework (Fig. 1.4), the point cloud variational autoencoder (PC-VAE)
indicates a promising data-driven approach for learning on 3D CAE models and generating a
low-dimensional representations of these designs. Therefore in this chapter, the architecture
of the utilized PC-VAE is discussed in detail, along with a series of experiments to verify
the shape-generative performance of the model for engineering applications. The objective
of this chapter is to answer RQ2 by modifying the existing autoencoder architecture [60]
to the PC-VAE and utilizing a series of methods to quantify the novelty and diversity of
the 3D shapes generated using the PC-VAE.

Following the statistical background of the variational autoencoder (Section 2.3.1),
the PC-VAE consists of an encoder that maps an input 3D shape z;, into a probabilistic
low-dimensional latent representation z and a decoder that reconstruct 3D space from
Z. The neural network parameters of the encoder and decoder are learned concurrently
during training the PC-VAE with a combination of loss functions. Through this training,
the PC-VAE creates an explicit distribution in the latent space, instead of exactly learning
a simple one-to-one mapping of an input CAE model to a latent representation. Further,
this probabilistic latent space allows sampling of new designs, which helps the PC-VAE in
shape-generative tasks.

The remainder of this chapter is outlined as follows: In Section 3.1, a literature review
is presented focusing on the metrics to evaluate the quality of the 3D shapes generated
by VAEs. Section 3.2 describes the architecture of the proposed PC-VAE and the shape
generation techniques. Also, quantitative metrics are detailed in this section, which are
used for evaluating the reconstruction and generative capability of the PC-VAE. In Section
3.3, the details of the network training are presented, followed by a series of experiments to

compare the reconstruction quality of the PC-VAE with other models from the literature
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(Section 3.4). Next, the PC-VAE is utilized for generating 3D shapes, and the qualities
of the generated shapes are evaluated for engineering applications based on pre-defined
metrics (Section 3.5). Lastly, the PC-VAE is exploited to generate unseen shapes to
verify the shape generative capability of the model (Section 3.6). Finally, the chapter is

concluded in Section 3.7, with a summary and outlook.

3.1 Prior Art

As discussed in the review of generative model (Section 2.3.1), a PC-VAE tailored to
engineering design optimization is introduce in this chapter. The aim of introducing
the PC-VAE is to generate a continuous latent space, which helps in generating novel
realistic car designs, fitted for engineering applications. Prior research on generative models
introduced methods for 3D shape generation from latent representations and proposed
metrics to evaluate the quality of the generated shapes [60, 71, 69], which are discussed

below.

Evaluation of 3D Shape Generation

There are two procedures to generate shapes from a trained generative model. The first
procedure is to utilize linear interpolation between two shapes in the latent manifold.
Research on generative models typically uses this procedure as a way of demonstrating
that a generative model has not simply memorized the training examples [72]. The second
procedure involves random sampling on the latent manifold to evaluate the explorative
capability of the generative models.

Generating realistic and unseen novel shapes is central to the intended application
domain of engineering design. In other words, a model should generate plausible realistic
shapes, i.e., shapes that in some aspects resemble the samples of the data set, yet should
be diverse, i.e., shapes should be sufficiently different from the training samples that are
used to train the PC-VAE. To quantify the realism of a generated shape, Berthelot et al.
[71] proposed a mean distance (MD) metric for 2D shapes that compares the minimum
cosine distance of the interpolated data points with the original data points by finding the
nearest neighbor of each interpolation step in the data set. Achlioptas et al.[60] proposed a
similar metric named minimum matching distance (MMD) metric to measure the closeness
of two-point cloud sets using the Chamfer distance (CD), where closeness between sets
is assumed to indicate a higher level of realism. To evaluate the diversity (or novelty) of
generated shapes, Schor et al. [69] rely on a classifier to evaluate the diversity of samples
produced by a generative model. The generative diversity of the model is calculated using
the latent representations and is estimated as the percentage of the generated shapes

classified as belonging to an unseen test set.
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In sum, quantitative approaches for evaluating both realism and diversity of 3D shapes
generated from (variational) autoencoders have been proposed. Both approaches were
combined to assess whether the proposed PC-VAE can generate shapes that are both
realistic and novel. These criteria for evaluating the PC-VAE based on its ability to
generate realistic and novel shapes have been little explored, despite the relative simplicity
and higher efficiency of VAEs in comparison to other (3D) generative models.

Additionally, utilizing latent space sampling for generating new shapes adds randomness
in selecting shapes from unexplored regions in the latent space. To overcome randomness
and generate shapes with specific properties, prior research [73] used a generative model for
mapping complex input space into a latent space and conducted optimization to achieve
a balance between desirable solution accuracy and convergence rate. This optimization
approach in the low-dimensional latent space has been utilized for generation of chemical
designs with desired properties [74]. Therefore, to achieve novel shapes using the PC-VAE,
an optimization method is proposed to enforce the generation of unseen diverse shapes

from unexplored regions in the latent manifold.

3.2 Methodology

3.2.1 3D Point Cloud Variational Autoencoder Architecture

The implementation of the PC-VAE (Fig. 3.1) utilized in the present research follows the
mathematical background of a variational autoencoder model described in the previous
chapter (Section 2.3.1). The encoder-decoder structure used in PC-VAE corresponds to the
architecture proposed in [60], only the last layer of the decoder is replaced with a sigmoid
activation function [61], since the coordinates of all points are normalized to the range
[0.1,0.9]. The PC-VAE’s architecture includes an encoder, followed by a max-pooling
layer, which generates two separate layers: a mean (i) layer and a standard deviation (o)
layer. The bottleneck latent layer z is sampled from the p and o layers. After the latent
layer, a decoder made of three fully connected layers recovers the Cartesian coordinates
of the points based on the values of the latent variables. In the PC-VAE architecture,
the encoder is referred to as the recognition model, and the decoder is referred to as the

generative model.

Encoder

The encoder comprises five 1D-convolutional layers, where the first four layers are activated
by rectified linear units (ReLU) and a batch normalization (BN) layer [75], and the fifth
layer by a hyperbolic tangent function (tanh). The advantage of utilizing 1D convolutions

is that the operator requires fewer parameters than fully connected layers, and it processes
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Fig. 3.1 PC-VAE Architecture. Input and output are represented by a 3D point cloud composed of N
points.

each point in the input point cloud individually, regardless of the ordering of the points.
In an N-dimensional input point cloud, the convolution is applied to one point at a time
and yields a feature metric F7 of dimension [N, f;] at the j-th layer of the encoder, where
f; corresponds to the number of features of each layers. This feature metric is passed
through an activation layer, generating the output metric 7. The batch normalization
(BN) in each layer normalizes the output of each activation layer F7 using mean s, and

variance o2, values calculated over each batch (Eq. 3.1),

1 . 1 ‘
:722 T g2 :722 T )2
Fi MJF(; (3.1)

where, FJ

norm

is the output of the BN layer. The u, and oy, are estimated within a batch
of samples for each dimension independently and + and § are the scale and shift parameters.
The output of the fifth convolutional layer in the encoder is passed to a max-pooling layer
that produces a vector of dimension L, that forms the bottleneck for two separate L.-D
vectors: a mean vector fi and a standard deviation vector . The L,-dimensional vector
after the max-pooling layer corresponds to the maximum activation of each output neuron
for a point cloud, and therefore, contains global shape information and is invariant with
respect to the ordering of the points. The mean layer ji has no activation function, while

the deviation layer ¢ uses a sigmoid activation function.
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Latent Space and Decoder

Following the i and o layers, a vector 2" of dimension L, sampled from a multi-variate
Gaussian with mean ji and standard deviation & (Eq. 3.2), where i and & are mean and

variances vectors respectively, and x;, is the N x 3 input point cloud.

IRA+00¢€ (3.2)

From the latent space, a decoder with three fully connected layers generates 3D point
clouds by predicting the Cartesian coordinates of the points. The first two layers are
activated by ReLUs and the third layer by a sigmoid function. Hence, the reconstructed
point cloud data at the output of the decoder network has normalized coordinates (x, y, z) €
0,1]3.

The weights of the neural networks that represent the encoder and decoder are initialized

with a value drawn from a zero centered Gaussian with a standard deviation 1.0E—01.

3.2.2 Loss Functions

For training the PC-VAE, a combination of two loss functions (Eq. 3.3) is formulated,
following the background of VAE in the previous chapter (Eq. 2.2). Two hyper-parameters

«a and [ are introduced to balance these two loss functions.

ACVAE (xm; 67 ¢) =« Erecon + 6 LKL (33)

The first term is the reconstruction loss L,e¢.on, Wwhich measures the difference between
the input and reconstructed point cloud. Prior research [60, 61] commonly used Chamfer
distance (CD) to measure the reconstruction error between point clouds and the equation
to calculate CD is given by:

‘Crecon - CD xznuxo - Z min sz pOH2 + Z Hlln le poHi (34)

€Exo
Pi€Tin Po Po Emo

where z;,, ¥, C R? are the input and output point clouds respectively. The second term
is the KL-divergence loss (Lk ) that measures the difference between the learned latent
distribution and an assumed prior normal distribution p(Z) = N(0,1). The KL divergence
is implemented following the Eq. 3.5.

L

Lir = 5 30+ log () — i(x) — 03(x)) (35

k=1
First, an input shape z;, C R3 is passed through an encoder, which is parameterized

by 6 to obtain a latent code Z' =~ ey(x;,). The L.-D latent vector Z is then passed
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through a decoder, which is parameterized by ¢ to generate an approximate reconstruction
T, = dy(?) C R3 of the input x;,. The encoder and decoder are multi-layer neural networks
that are trained simultaneously with respect to ¢ and 6 to minimize the combination of
loss functions in Eq. 3.3. For training and exploring the generative capabilities of the
PC-VAE, the point clouds of the data set S are divided into a seen training set, Dy,qin,
and an unseen test set, Dy.q;. Algorithm 1 shows the training process of the PC-VAE with
the point clouds from Dy,4;,. At each iteration, based on a pre-selected batch-size b, D,

number of samples from the Dy, is utilized for training the network.

Algorithm 1 PC-VAE training
1: Initialize ¢ and 0
2: for ¢+ = 1,2, ...until convergence do
3: Sample a mini-batch D, from D4
4 ii, log o2 = eo(Tin)
5: Z ~ N (i, 03) and reconstruct z, ~ ey(2)
6: Computer gradient gg 4 <— Vo.6L0.6(Tin; 6, @)
7.
8

: Update 0, ¢ using gy 4
. end for

In the next section, the metrics are defined that are used to evaluate the reconstruction

and shape-generative performance of the PC-VAE.

3.2.3 Shape Generation Techniques

The decoder (Fig. 3.1) performs as the generative model. To generate shapes from a
trained model, research on generative models typically uses two approaches: First, linear
interpolation between two shapes as a way of demonstrating that a generative model
has not simply memorized the training examples [72]. Second, to limit the generation of
feasible shapes, instead of random sampling latent variables from a normal distribution,
new latent vectors are sampled from the encoding distributions of the shapes from the

training set.

Interpolation between 3D Designs: Interpolating between an initial design x;, and
a target design 4q,4ec 0N the latent space of the PC-VAE generates a mixture of two latent
codes, which are reconstructed back into 3D space using the decoder pg. The latent codes
are combined to generate intermediate designs x;, where 2, = de(ANZin + (1 — X) Zrarget)-
The interpolating factor A varies between [0, 1] and 2, = eg(2:,) and Ziarget = €0(Ttarget)

are the latent codes corresponding to the reference shapes x;, and q,4et, respectively.

Sampling Designs: For a given input shape x;, the encoder ey output two vectors (fi

and &) of dimension [1 x L,]. Each of the latent variables of 2" is sampled from a Gaussian
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distribution using Eq. 3.2. All the sampled latent variables of the input shape z;, are
combined to form the latent vector z' of dimension [1 x L,].

Each random sampling (Eq. 3.2) generates a slight variation of latent vector Z.
For example, for a given input shape z;, (Fig. 3.2), sampling the latent distributions
twice, generates two slightly different latent vectors z; and z;. The decoder network is
able to accurately reconstruct the input (z;,) into x,, and z,,, where there is a slight
variation between x,, and z,,. Hence, sampling the latent space generates slightly different

geometries at each turn.

14

1 =1+ 01 %x€,e=0.1
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Fig. 3.2 For a given shape x;,, two latent vector z; and Z are sampled from the latent distributions. z,,
and x,, are the reconstructed shapes generated by decoding the latent codes z; and Z, respectively. The
difference between the reconstructed shapes z,, and z,, are given by CD(z,,,%, ).

The shapes generated through interpolation or sampling the latent space are represented
as set G. Next, to evaluate the quality of the generated shapes in G, quantitative metrics
are introduced in the next section.

3.2.4 Metrics for Evaluating the PC-VAE

An important component of this research is to compare the degree to which point clouds,
synthesized or reconstructed, represent the shapes in the data set S. The realism of the
generated shapes in G is evaluated qualitatively through visual inspection and quantitatively
by measuring the closeness of the generated shapes to the shapes in the data set S [71].
As a second measure to evaluate, the novelty or diversity of the generated shapes in G
is measured by quantifying their variations from shapes in Dy.4;,, following the approach in
[69]. Therefore, the quality of the new shapes generated with PC-VAE has two objectives:
create shapes close enough to the data set to be considered realistic, but far enough from

the training set to be considered novel.

Minimum Matching Distance using Chamfer Distance (MMD-CD): To quan-

tify the realism or closeness of generated shapes in G with respect to existing shapes in the
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data set S, the mean distance (MMD) [60] is used. MMD-CD is calculated as the average
minimum CD between the shapes at G and their respective neighbor at §. Therefore,

MMD measures the similarity between point clouds in G to those in S.

Generative Diversity: The measure of diversity presented in [69] is utilized to quantify
the diversity of the generated shapes, G. Similar to the approach outlined in [69], a
binary classifier is trained on the latent representations of the whole data set S, where the
information whether a sample belonged to either the training set, D qin, or test set, Dioq,
was used as the label. The diversity is then calculated as the percentage of the generated
samples, G, that are classified as belonging to the test set. In other words, the classifier
quantifies the percentage of samples generated by the model that are closer to the unseen
test set Dyesr than to the training set Dypqin. The higher the number of generated samples
classified into Dyes, the higher the diversity of the model. A multi-layer perceptron (MLP)
is used as a classifier, where the output layer of the MLP consists of 2 units to predict the

labels of the given latent representation.

Coverage: The novelty of the generated shapes in G is measured with coverage, which
quantifies the fraction of point clouds in G that can be matched to the test set, Djcs:.
For each point-cloud in G, the nearest neighbor in D;., is computed with the CD. The
coverage is estimated as the percentage of shapes in D,.y that are nearest neighbors to G.
Small coverage signifies the generated shapes resemble only a small fraction of Dy, and

higher coverage indicates the generated samples represent a large fraction of Dy.g.

3.3 Network Training and Shape Reconstruction Eval-

uation

3.3.1 Data Set

For different experiments in this thesis, geometric models are sampled from the ShapeNet-
Core repository [18]. The positions of the geometric models are adjusted to fit the models
in the space [0, 1]3. The orientation of the geometries is also changed such that the direction
of the height is aligned to the global z-axis, and the x-axis represents the length of the
models (Fig. 3.3).

The data set & comprises 3D shapes samples from the car class of the ShapeNetCore
repository. Each 3D shape consists of N = 2048 points, and the points are sampled
directly from the vertices of the pre-processed meshes of the repository, assuming a random
uniform probability (Fig. 3.4). For training the network, the data set is split into 80%
training (Dyyqin) and 20% test set (Dyest). For hyper-parameter tuning of the network such
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Orientation in the
repository

Utilized oreintation

Fig. 3.3 Example of a car geometry from the ShapeNetCore repository with the original orientation and
utilized orientation in the experiments.

as learning rate, batch size and epochs, a 20% of the training set is used as the validation
set in the initial run. After parameters are finalized, the shapes in the validation set are
added back to the training set.

Mesh Template Sampled Point Cloud

Fig. 3.4 Template mesh and corresponding 3D point cloud sampled using random sampling of N points
from the template mesh, here N = 2048.

Hardware Settings

Unless specified otherwise, all the architectures in this dissertation are implemented using
Python with TensorFlow® for computation on Graphics Processing Units (GPUs). The
networks were trained on a single NVIDIA RTX 2080 Ti GPU.

3.3.2 Training a Baseline Model - Point Cloud Autoencoder

Since the proposed PC-VAE is based on the architecture of point cloud autoencoder
(PC-AE) [60, 61], this model was chosen as the baseline model for all the experiments.
The PC-AE was trained with latent dimensions of L, = 128 using the Adam optimizer
[76] and a learning rate of 5E—04. The batch size is set to 50 and each time the network
is trained for 750 epochs.

3.3.3 Training the PC-VAE

The proposed PC-VAE architecture (Fig. 3.1) was trained with latent dimension L, = 128,
using the Adam optimizer and a learning rate of 5E—03. The network is trained with a
batch size of 50 and trained for 750 epochs.

To optimize the hyper-parameters o and 3 in the loss function (Eq. 3.3), a grid search

is performed to determine the values of o and . Since the scale of the reconstruction loss
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and KL-divergence are different, the PC-VAE is trained several times with a list of values

of a and S to determine the optimal o and £.

SE-04

1E-03
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mean CD

1E-01

1 100 150 200 250 300
(07

Fig. 3.5 The heat-map represents mean reconstruction error (CD) of the validation set shapes, when
trained with different combinations of o and 8. The combination of optimal « and 3 generating the least
CD is marked in black square.

The values used for the grid search are, o = (1,100, 150,200,250,300) and 8 =
(1,1E-01,5E—-02,5E—03,5E—04). Since training the network for each combination of «
and 3 needs almost 6-hours, the grid search is performed for the selected set of o and
B. Fig. 3.5, shows the mean values of the reconstruction error on the validation set for
different combinations of hyper-parameters o and 5. For a = 250, and g = 1E—03, the
average of the reconstruction error (CD) of the shapes in the validation set is minimum.
Therefore, comparing the trade-off between the reconstruction accuracy and divergence of
the latent space, the optimal values of the parameters are set to o = 250 and § = 1E—03
for training the PC-VAE.

3.4 Evaluation of the Reconstruction Performance

To validate the implementation of the proposed PC-VAE, the first experiment is designed
to compare the reconstruction quality of the PC-VAE with existing models as reported
in the literature, specifically a regular AE [60] and a 3D-Adversarial AE (3dAAE-G)
[70]. Since both prior works were not based on 3D car shapes, the PC-VAE is trained
on the chair class of the ShapeNet data set with 90% of the chair shape and tested the
performance of the model using MMD-CD on 10% of the chair shapes. Both the AE and
PC-VAE were trained with CD as the reconstruction loss. But for 3dAAE-G [70], the

model was trained using Earth-Mover distance (EMD) as a reconstruction loss.
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As a second experiment to evaluate the reconstruction quality of the PC-VAE with re-
spect to varied sizes of the latent representation, the PC-VAE is trained considering similar
conditions but varying the latent representation size to L, = (2,5, 10, 20, 32, 64, 128, 256).

Result and Discussion

The performance of the PC-VAE is compared with a regular AE [60] and a 3dAAE-G
[70] by calculating the MMD-CD measure on the test set. The MMD-CD measure is
utilized to estimate the fidelity in terms of distance measures of the reconstructed test set
shapes with respect to the ground truth shapes in the test set. The MMD-CD between
the reconstructed point clouds and their corresponding ground truth in the test data set
of the chair object class is shown in Table 3.1. The resulting MMD-CD of PC-VAE is

comparable to existing models in terms of its ability to encode and reconstruct 3D shapes.

Table 3.1 Comparison of the reconstruction capability between our PC-VAE and reference models.

Methods MMD-CD
PC-VAE (ours) .0008
AE [60] 0011
3dAAE-G [70] 0008

In the second experiment, the PC-VAE’s reconstruction quality is evaluated based on
the different size of the latent representations. The PC-VAE is trained on point clouds
from the car class of the ShapeNetCore repository and with different latent dimensions.
The reconstruction performances of the shapes in the dataset are calculated using each
trained PC-VAE with different latent dimensions. Fig. 3.6 shows the reconstruction error
of different PC-VAE trained with latent dimensions L, = (2,5, 10, 20, 32, 64, 128, 256).
From 2D to 128D of the latent representation, the mean CD improves, and the standard
deviation reduces with increasing latent dimensions. This indicates that increasing the
size of the latent representation encodes more information about the input data, which
subsequently improves the quality of the reconstructed shapes.

The reconstructed point clouds using PC-VAE are visually compared to the input point
clouds (Fig. 3.7). However, there is no one-to-one correspondence between the points
in the reconstructed and input point clouds as the network is trained with CD, which

enforces the network to learn point clouds without a specific ordering of points.

Summary

In this section, a set of experiments is utilized to verify the reconstruction quality of the
PC-VAE. By comparing the commonly used MMD-CD metric, PC-VAE shows comparable
performance against regular AE [60] and 3dAAE-G [70]. Furthermore, by varying the size

of the latent dimension in the second set of experiments, the PC-VAE’s reconstruction
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Fig. 3.6 Means and standard deviations of the reconstruction errors calculated using PC-VAEs trained on
different dimensions of latent representation (L,). Lower the CD better the reconstruction.
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Fig. 3.7 Visualization of the input point cloud and their corresponding reconstructed output point cloud
using the PC-VAE trained separately on the chair and car class of the ShapeNetCore models.

quality improves. Therefore, the proposed architecture is considered verified and feasible

for shape-generative experiments.

3.5 Evaluation of the Shape Generative Capability of
the Models

In previous analyses, PC-VAE showed comparable reconstruction ability to encode and
reconstruct the shapes in the data set. However, for application of the PC-VAE for
engineering design tasks, the generative capability of the PC-VAE needs to be evaluated
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with respect to the realism and novelty of the generated shapes. Both aspects are central
to the intended application domain of engineering design, such that shapes in some aspects
closely resemble the data set, but also generate novel or diverse shapes that are sufficiently
far away from the training data. Note that this evaluation aims at judging the model’s
ability to reconstruct unseen inputs and to generate completely different unique shapes.
The shape generative techniques (Section 3.2.3) are utilized to generate new shapes
using the trained PC-VAE with L, = 128. These newly generated shapes are referred to as
set G, and are evaluated based on three central aspects: (1) the realism of the generated
shapes (Section 3.5.1), (2) the capability of the model to generate diverse shapes from the
ones seen during the training phase (Section 3.5.2), and (3) the capability of the model to

generate unseen novel shapes (Section 3.5.3).

3.5.1 Realism of Generated Shapes

We made an assumption that the latent representation learned by the PC-VAE is more
continuous than the space learned by the PC-AE due to the additional regularization
on the latent space. This should lead to the generation of more realistic car shapes
when reconstructing interpolated samples from the latent space of the PC-VAE compared
to the PC-AE. To verify our assumption, a 10-step linear interpolation is performed
between randomly selected shapes in the latent space of the PC-VAE and PC-AE. These
interpolated latent codes are reconstructed, and the reconstructions of the PC-VAE are
compared with the PC-AE (Fig. 3.8). Each interpolation pair consists of an initial shape
(i) and a target shape (Ziar4e¢) from the data set S, and the intermediate shapes (z)

are reconstructed from the interpolated latent vectors using the decoder.

. 1*interpolation pair

-

_—
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Fig. 3.8 3D shapes %, and Ziarget, represent reconstruction of the initial and target shapes. 3D shapes

xtargetg

xll - x;): Interpolation between x;,;, and Tt4rger; in 10-steps and reconstruction at step 1, 3, 5, 7 and 9. In
each interpolation pair, the bottom row represents reconstructions of the interpolations using the PC-AE.
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Results and Discussion

The reconstructions of the interpolated latent vectors are evaluated both qualitatively and
quantitatively. By qualitative evaluation of the first interpolation pairs (Fig. 3.8), a major
difference in the roof region is observed in the intermediate interpolations performed in
the latent space of PC-AE that lead to a scattered points in the (z3, 25 and z;) in the
roof region of the car shape. On the other hand, the interpolation on the latent space
of PC-VAE shows a more gradual change in the roof region and mostly maintained the
curvature of the roof, in total leading to more realistic interpolated car shapes. Similarly,
for the second interpolation pair (Fig. 3.8), the transition from a sports car (z;,,) to a
utility vehicle (Z4qrget,) is smoother in the roof region for shapes generated by interpolation
on the latent space of PC-VAE.

Further in order to quantitatively assess the difference in the generative capabilities
between PC-AE and PC-VAE, the closeness is calculated using the MMD-CD between
the samples generated from each interpolation and the samples in the complete data set S
(Section 3.2.4). Figure 3.9 shows the MMD-CD over all 50 interpolations for both PC-AE
and PC-VAE. Overall, the PC-VAE showed a lower MMD-CD compared to the PC-AE,
indicating that the interpolation led to shapes that resembled the shapes in the data set

and hence the PC-VAE produced more realistic car shapes.

4.2
PC-VAE

——— PC-AE

1 2 3 4 5 6 7 8 9 10
Interpolation steps

Fig. 3.9 MMD-CD measures for 50 randomly selected car pairs (each with 10 interpolation steps) using
PC-AE and PC-VAE (shaded area indicates the standard deviation).

Lastly, to calculate the statistical significance of the difference in MMD-CD values
between the PC-AE and PC-VAE, a non-parametric one-sided Wilcoxon signed-rank
test is used. A one-sided test was performed based on the null hypothesis that the
MMD-CD calculated from the 50 interpolations in the latent space of the PC-VAE
(MM Dpe_yag) was greater than or equal to the MMD-CD calculated from the PC-AE
interpolations (MM D — CDag). The MMD-CD from the PC-VAE was significantly
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smaller, MMD — CDpc_yag < MMD — CD g, for the tested sample (z = —4.1449,
p < 0.001). Thus, the shapes generated from interpolation in the latent space of the
PC-VAE were more realistic car shapes as indicated by a lower distance to the shapes in
the data set S.

3.5.2 Diversity of Generated Shapes

As a second measure to compare the generative capability of both PC-AE and PC-VAE;,
the diversity of the shapes generated by these models was evaluated. The generated
shapes are assumed to be diverse when they are different from the shapes that are used for
training the model. The diversity of the generated shapes is evaluated using a classification
technique [69]. To compare the generative performance of PC-VAE against the baseline
PC-AE, a Gaussian Mixture Model (AE+GMM) is trained on the learned latent space of
the PC-AE to improve the generative capabilities, following the approach proposed in [60].

In this set of experiments, the shape-generative performance of PC-VAE is evaluated
by training the model three times with different combinations of training and test splits
(50/50, 70/30 and 90/10), as proposed in [69]. After training each model, 5000 latent
representations are generated by random sampling from the distributions over the latent
space (Section 3.2.3). The set of newly generated 5000 latent representations are referred
to as G.
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Fig. 3.10 Schematic overview of the input representations and labels of the MLP classifier in the training
phase. In the testing phase, the trained MLP classifier is used to predict the labels of the newly sampled
latent representations.
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Results and Discussion

For each train-test-split, the diversity of the generated set G is calculated using the genera-
tive diversity metric (Section 3.2.4), which measures the percentage of the generated shapes
that are classified as like the shapes in the test set based on their latent representations.
To calculate the diversity of the generated shapes, an MLP-based classifier is trained on
the latent representations of the whole data set, S, with the information whether a sample
belongs to the training set, Dy qin, Or test set, Dies, as labels. Next, the latent samples of
shapes at G are classified into either training,Dy,.qin, Or an unseen test set, Do using the
trained MLP classifier. Fig. 3.10, shows a schematic overview of the classifier training
phase and the trained classifier is used in the testing phase to predict the train or test
class labels of a newly generated sample.

The MLP classifier consists of two hidden layers [100, 60] with a tanh activation function
for the hidden layers, and the output layer has 2 units to predict the probabilities of the
input samples belonging to the training and test set. The MLP architecture was optimized
through a grid search. This experiment is repeated 10 times. In each turn, 5000 latent
samples are sampled from the latent distribution and the MLP classifier is utilized to
calculate the percentage of the 5000 generated samples that belong to the test set. The
average percentage of generated samples classified as belonging to the test set is shown in
Table 3.2. For all train-test-splits, the PC-VAE generated shapes with a higher diversity

than the baseline model.

Table 3.2 Comparing generative diversity of the PC-VAE and the AE+GMM (baseline). Best generative
diversity for each train-test-split shown in bold.

Train-test-split PC-AE4+GMM PC-VAE Encoder

50/50 40.3 % 0.80 58.19 £ 0.19
70,30 21.7 £ 0.5 26.96 + 0.8
90/10 40 + 0.3 6.5 + 0.08

In addition to quantitative evaluation of the generative diversity of the models, three
generated samples are randomly selected from each model and three nearest neighbors
corresponding to the selected shapes are searched from the training set, Dyqin (Fig. 3.11).
Both models generated realistic shapes; however, the PC-VAE generated shapes that were
different to its nearest neighbors at Dy,.4;, compared to the baseline PC-AE+GMM.

3.5.3 Novelty of Generated Shapes

A third quantitative evaluation is performed to compare the generative capability of both
PC-AE and PC-VAE, based on their ability to generate novel types of car shapes. A
generated car shape is considered novel if no shape from that car shape category is present

in the training set that is used for training the models. For example, the pickup truck
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Baseline AE+GMM
Fig. 3.11 Qualitative comparison of generative diversity of PC-VAE and baseline PC-AE4+ GMM. Row

1: Three randomly selected shapes from the generated samples. Row 2-4: Nearest neighbors of the
generated shapes in the training set (measured by CD).

shapes present in the data set are a combination of convertibles and coupe-like car designs.
Therefore, if there are no shapes from the pickup truck category present in the training
set and the trained model is able to generate pickup truck designs, then the generated
shapes are considered as novel.

The PC-VAE and the baseline PC-AE are re-trained on the car class shapes after
manually excluding all the pickup truck designs from the data. To measure the novelty
of the generated shapes, the binary-classification technique is used (Section. 3.5.2). The
novelty of the generated samples is calculated based on the percentage of the generated
shapes that are classified as belonging to the test class; i.e., in this case the pickup truck
designs. All the 630 separated pickup truck shapes are used as the test set, Dy for this
experiment (Fig. 3.12a).

Results and Discussion

From each of the trained PC-VAE and baseline PC-AE+GMM, 1800 latent representations
(three times the size of Dy ) are sampled, which are referred to as G. The binary classifier
is re-trained with the latent representations of training shapes grouped as one class and
the latent representations of the test shapes grouped as the second class. The diversity,
coverage, and MMD-CD metrics (Section 3.2.4) are calculated to estimate the closeness of
the 1800 newly generated shapes with the pickup truck shapes in the test set Dy.s. The
diversity is measured based on sampled latent representations, and the coverage and MMD-
CD are measured in the 3D domain. Therefore, the sampled vectors are reconstructed
into 3D point clouds and their closeness is measured with respect to the point clouds in
the test set (Fig. 3.12). Results are shown as averages over 3 repetitions in Table 3.3.
All three measures show that the PC-VAE is able to generate more truck-like designs
and, hence, more novel shapes. Even if the generative diversity of the PC-VAE is only

3% i.e., 55 out of 1800 generated shapes represents pickup truck design, which is higher
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Table 3.3 Comparing generative diversity, coverage, and minimum matching distance (MMD-CD) for a
subclass of car shapes on test split (best performance for each measures shown in bold).

Models Ge.nerajclve Coverage MMD-CD
diversity
PC-AE+GMM 0.3 £+ .13 7.3 .00048
PC-VAE 3.1 + 2.2 9.7 .00047

than the baseline PC-AE+GMM. This provides significant evidence that the PC-VAE can

generate unseen novel shapes. Figure 3.12b, ¢, shows examples of some of the generated

shapes that were classified as belonging to Dy i.e., pickup truck designs. Note that the
trucks generated by the PC-VAE show a slightly higher quality.

Shapes from test set Shapes generated by the Shapes generated by the
PC-VAE model PC-AE+GMM baseline model

(a) (b) (c)

Fig. 3.12 a: Randomly sampled geometries from the test set consisting of pickup truck shapes. b: Shapes
generated by the PC-AE4+GMM baseline model that were classified as belong to the test set. ¢: Shapes
generated by the PC-VAE classified as belonging to the test set.

Summary

In this section, PC-VAE is evaluated as a shape-generative model for generating new shapes
that are suitable for engineering applications. Quantitative and qualitative measures have
been used to evaluate the generated shapes in terms of realism, diversity and novelty of
the shapes. The shapes generated by the PC-VAE outperform the shapes generated by
the baseline autoencoder. The realism of the generated shapes is estimated by measuring
the closeness of the shapes with the existing shapes from the data set. The PC-VAE is
also capable of generating unseen diverse shapes by sampling the distributions over the
latent space. This signifies the continuity of the probabilistic latent space of the PC-VAE,
which overcomes the drawback of fuzzy point clouds generation at certain regions in the
latent space of that PC-AE [61]. However, even if both interpolation and sampling in
the latent manifold help to generate new designs, a guided search-based optimization is

needed to reach any unexplored extreme regions in the latent manifold.



3.6 Guiding Novel Shapes Generation 39

3.6 Guiding Novel Shapes Generation

As discussed in the earlier section, the continuity of the latent space of PC-VAE provides
a benefit over other models for generating new designs through sampling and interpolation
on the latent manifold. However, sampling from the latent distribution does not give
control over the generation of specific target designs, which is of interest to the designer.
To use the PC-VAE as the shape-generative model, the model should be able to generate
target-oriented novel designs, i.e., to find regions in the latent space with unseen shape
properties. Hence, developing a differential model that maps latent representations to
desirable shape properties enables the use of gradient-based optimization to search for
unseen shapes in the latent space.

To demonstrate the application of the PC-VAE for guiding unseen shape generations,
an optimization task is set up in the continuous latent space of the PC-VAE to search for
target car shapes from unexplored regions in the latent space. The pre-trained PC-VAE
excluding pickup truck shapes (Section 3.5.3) is used for this optimization task, since the
region in the latent space representing pickup truck designs is unexplored by the trained
PC-VAE. For example, given a latent representation zj of any random input shape, the
optimization should be able to guide and modify the input 27 to the unexplored region
in the latent space, generating the final optimized latent representation Z; (Fig. 3.13).
Reconstructing the final latent representation Z; leads to the generation of an unseen novel

pickup truck shape in targeted fashion.

/ Generated Latent Representations Class probailities from the ~d (Z ) \\
{ MLP classifier NEf

Optimization g 2
Guassian Process landscape 55 " b A !
(GP) & =

Fig. 3.13 Schematic overview of the gradient-based optimization task. a: Randomly generated samples
from the latent distribution. b: The probability of the generated samples representing pickup truck
designs (p;) is calculated using the pre-trained MLP. ¢: A Gaussian process model is trained on the latent
representations and their corresponding probabilities. d: Gradient-based optimization landscape on the
latent manifold.

The previously trained MLP classifier is used is this experiment to represent the unseen
shape properties (Section 3.5.3). Given an input shape to the trained MLP classifier, it
predicts the probabilities of the given shape representing unseen pickup truck designs (p;)
and seen shapes from the training set (1 — p;). Next, to create a smoother landscape to

perform gradient-based optimization, a Gaussian process model (GP) is used as a property
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predictor model. A GP model is trained on the latent representations as input and their
corresponding probabilities (p;) as output. The GP model makes use of gradient-based
methods that are typically faster and, thus, using this differentiable model helps to map
the latent representations to their unseen shape class probabilities p;. The GP model
trained with the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm to generate a shape
that maximizes the GP output (p;), since the BFGS uses an iterative method to solve
unconstrained non-linear optimization problems. Here, the higher the probability p,, more
the chance of the optimization algorithm reaching the region in the latent space with
a higher gradient (Fig. 3.13c). A schematic overview of the optimization landscape is
shown in Fig. 3.13, where the optimization starts with an initial random shape x; and
the probability objective p; is maximized to generate the final shape x ¢, which represents
a pickup truck design. For experimental verification of the final shapes proposed by the
optimization approach, an MLP classifier is used to check the percentage of the final car

designs representing pickup truck designs based on their latent representations.

Initial
shapes

Optimized
shapes

Fig. 3.14 Top row: Initial shapes chosen for optimization in the latent space of the PC-VAE. Bottom
row: Reconstruction of the final optimized latent representations.

Results and Discussion

1800 shapes are sampled from the trained PC-VAE (Section 3.5.3), out of which 1744
shapes are selected for this optimization task as they don’t represent pickup truck designs.
Fig. 3.14 shows 4 examples of the initial shapes and their corresponding final pickup
truck shapes that have been generated using the proposed optimization method. Out of
1744 final latent representations, 1307 are classified as representing pickup truck designs
using the trained MLP classifier that differentiates between other designs and pickup
truck designs. Hence, in 75% of the investigated cases, the PC-VAE could guide towards

generating a novel design.

Summary

The proposed gradient-based optimization approach verified the exploratory ability of the
PC-VAE and explained the use of the PC-VAE to generate target-oriented novel designs
using gradient-based optimization. The optimization is performed on a GP model trained

on latent representations and their corresponding probability of representing pickup truck
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designs. However, since the training set of the GP model consists of 1744 samples, the
predictive power of the GP model is lower in some cases, leading to several local minima,
instead of a global optima. For this reason, 25% of the initial designs fail to converge and
generate final shapes that do not represent pickup truck designs. However, for 75% of the
investigated cases, the proposed optimization approach generates realistic unseen pickup
truck designs. Therefore, gradient-based optimizations on the latent representations helps

to generate a larger diversity of unseen designs using the PC-VAE.

3.7 Conclusion

This chapter introduced the architecture of the proposed 3D point cloud variational
autoencoder (PC-VAE), as well as a set of experiments to evaluate its performance as a
shape-generative model for engineering applications. The code for the proposed PC-VAE
is available in the GitHub repository (https://github.com/HRI-EU/GDL4DesignApps).
The main goal of this chapter is to answer RQ)2.

RQ 2. How well can a generative model learn a compact representation of 3D designs for
engineering optimization? And is this model suitable for generating diverse unseen

designs that are useful for engineering applications?

In the context of building an experience-based CDS framework (Fig. 1.4), the
first key challenge is to learn on existing 3D CAE models and generate a compact
low-dimensional representation to facilitate faster search and optimization of 3D
designs. The variational autoencoder serve as a promising approach to address this

challenge.

First, to learn point cloud representations of 3D CAE models, the PC-VAE is
proposed [77], which is built upon the networks in [60, 61]. The reference architecture
is changed by adding two more convolutional layers after the max-pooling layers that
stand for the mean and standard deviations of the input shapes. These allow the PC-
VAE to create a probabilistic latent space, from where the 1D latent representation
of the input shape is sampled. Additionally, batch normalization layers are added
after the activation function of each layer in the encoder to normalize the input
data. Normalizing is likely to produce activation with a stable distribution. The
PC-VAE is optimized to maximize the combined loss function which involves two
terms: First, the reconstruction loss that enforces the encoder to generate meaningful
latent representations, so that the decoder can reconstruct the input shape from the
latent representations. The second term in the loss function is the KL regularization
that minimizes the distance between the observed data distribution and an assumed

prior Gaussian distribution, which makes the latent space continuous.
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Second, the proposed PC-VAE is evaluated based on its reconstruction and shape
generation capabilities. The PC-VAE performed better than other models [60, 70]
proposed in the literature. The PC-VAE can generate shapes that are both realistic,
yet novel; i.e., the model is able to generate a higher percentage of diverse unseen
shapes compared to the baseline PC-AE [61] model. In particular, the PC-VAE is
capable of extrapolating; i.e., it can generate shapes that are fundamentally different

from the shapes that are used for training the model.

Lastly, to allow the PC-VAE to generate new 3D designs for engineering applications,
an optimization approach is used for an open-ended search of 3D designs. The
utilized gradient-based optimization in the latent space is a versatile approach with
respect to the optimization objectives. In other words, instead of guiding the model
toward generating novel shapes, the PC-VAE can be used to guide the generation of
shapes with different target properties, such as the aerodynamic performance of the

generated car shapes.

Therefore, the research in the present chapter offers a promising step toward using the

PC-VAE for generating a continuous low-dimensional search space for 3D CAE models.

However, the generation of car shapes ideally involves both aesthetic design targets and

engineering criteria, such as aerodynamic and structural efficiency. Therefore, in the

following chapter, the focus is to use the latent space of PC-VAE as a common design

space for search and optimization of designs based on multiple criteria.



Chapter 4

Exploiting a Generative Model for
Guidance in 3D Designs

Optimization

In the context of automotive design optimization (Fig. 1.4), the first key step is to
represent the CAE models in a low-dimensional search space. Next, for automotive
design generations, an increasing number of multi-disciplinary requirements have to be
considered in the design process. These requirements comprise both aesthetic design targets
and engineering aspects, such as aerodynamic drag and crash worthiness, which further
require excessive computational effort. Therefore, setting up a multi-objective optimization
for generating 3D designs involving both geometric and aerodynamic constraints is a
challenging task. Further, estimating the aerodynamic performance of CAE models
in an optimization process is a time-consuming process. Hence, in the context of our
envisioned experience-based design optimization framework (Fig. 1.4), the steps involving
multi-criteria based design generations and faster performance analysis of 3D designs are
addressed in this chapter.

The experiments in the last chapter show that our PC-VAE can generate probabilistic
low-dimensional latent representations of the 3D data using the PC-VAE’s encoder. The
decoder of the PC-VAE serves as a shape generative model for generating novel car
designs. However, the feasibility of these latent representations to generate solutions
satisfying multiple criteria remained unexplored in the previous chapter. Further, the
PC-VAE is trained on geometric data in an unsupervised fashion and the information
about geometries performances is neglected during training. This makes it unclear whether
the latent representations hold information about geometric performance measures of
the learned 3D designs. Hence, the motivation for this chapter is to utilize the low-
dimensional latent manifold of the PC-VAE as the optimization search space and to

analyze latent variables of PC-VAE in terms of two factors: First, as decision variables
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for the multi-objective optimization problem to generate feasible solutions based on user
preferences. Second, to evaluate whether these latent representations contain relevant
structural and functional information about the input data, such that it can be used as
input representations for training surrogate models to predict performances of 3D designs.
The methods and experiments in this chapter address the proposed research questions
RQ3 and RQA4.

The remainder of this chapter is outlined as follows: A 3D multi-objective design
optimization problem is formulated from two perspectives, where the designer does and
doesn’t have prior information about their design preferences. The latent variables of the
PC-VAE are used as the decision variables for a multi-objective optimization problem
and the feasibility of these variables are analyzed for the engineering optimization tasks
(Section 4.1). Next, information-theoretic measures are utilized to qualitatively evaluate
the information content in the learned latent variables of the PC-VAE, such that these
variables are able to represent engineering performance metrics. This helps to provide hints
at the quality of the regression before training a surrogate model (Section 4.2). Lastly, the
accuracy of the surrogate model is evaluated for predicting performance metrics of 3D car

designs from the learned latent representation.

4.1 Exploiting Latent Representation for Preference

Guided Design Optimization

In the automotive design optimization process, often designers have to face multi-criteria
decisions (MCDM) at various stages of the design generation. Providing an efficient
optimization method at an earlier design stage would allow higher design innovation
potential. Often, in optimizations related to MCDM analysis, there are two scenarios
[78-80]: The first scenario refers to a posterior approach, where the designer or the decision
maker (DM) has no prior information about their design preferences and aims to generate
a diverse set of design solutions. The second scenario refers to a prior or interactive
approach, where the designer has knowledge about the design preferences and aims to find
the best design solution for the optimization task. To support decision-making in both
scenarios, a multi-objective optimization (MOO) problem is formulated in this research and
the trained PC-VAE latent manifold (Section 3.2.1) is used as an optimization landscape
to perform the MOO.

In the following sections, a brief survey of the literature is provided related to preference
incorporation approaches in multi-objective optimizations (Section 4.1.1). In Section 4.1.2,
a two-objective optimization problem is formulated for generating 3D designs satisfying
these two criteria and the experimental setup for the optimization problem is detailed

(Section. 4.1.3). Next, to provide a "warm start" to the optimization algorithm, a seeding
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strategy is proposed to initialize the algorithm by exploiting the learned latent space
knowledge of the PC-VAE (Section 4.1.4). Lastly, in the context of the optimization
scenario considering prior user preference (Section 4.1.5), a combinative strategy is proposed
that utilized the prior proposed seeding method to generate a final solution that reflects
the DM’s design preference. Finally, the conclusions of this set of experiments are detailed
(Section. 4.1.6).

4.1.1 Prior Art

The goal of a multi-objective optimization is to help a DM identify solution(s) of interest
(SOI) achieving satisfactory trade-offs among conflicting criteria. Both the posterior and
prior approach for preference incorporation in an optimization task, requires the DM to fix
the preference in terms of fixing the relation between the objectives. The prior approach
relates to fixing relations between the two objectives before the start of the optimization
search process, which eventually leads to the generation of a single solution that matches
the DM’s preference. While in the posterior approach, relations between the objectives
are not fixed prior to the optimization search process. This leads to the generation of a
set of solutions that represents an approximation of the Pareto set. The DM can choose a
solution from the Pareto set that provides the most appropriate trade-off among many.
Therefore, the later approach can be solved with multi-objective optimization, where the
DM takes the decision at a later stage of the optimization process. While the former
approach can be solved with a single objective optimization, where the user needs to decide
at first of the optimization process.

Prior research [81-83] utilized the low-dimensional latent representation of an AE
or a VAE for single and multi-objective optimizations. This overcomes a major factor
contributing to the complexity of the optimization problem by reducing the number of
decision variables. Therefore, in our design optimization task, the latent representation of
the PC-VAE [77] is used as the decision variable for the optimization task.

Posterior Incorporation of Preference in Multi-Objective Optimization

In the posterior preference incorporation scenario, the aim of the multi-objective optimiza-
tion is to generate a diverse set of solutions, which can be given back as a suggestion to the
DM. To perform MOO, a wide range of evolutionary algorithms (MOEA) are developed
over the decades, which are classified into two categories. The first category corresponds to
those algorithms that include the use of selection mechanisms based on fitness sharing but
does not include mechanisms for the preservation of good solutions (elitism), e.g., NPGA,
NSGA[84], VEGA [85], MOGA [7]. The second category of algorithms is characterized
by the use of the elitism strategy, e.g., SPEA [86], PAES [87], SPEA2 [88], NSGA-II[89].

Besides the above-mentioned evolutionary algorithms, several meta-heuristics like Ant
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Colony Optimization (MOACO) [90] and Multi-Objective Particle Swarm Optimization
(OMOPSO)[91] have been developed to solve MOO problems. The OMOPSO extends the
Particle Swarm Optimizer (PSO), which mainly works for the single objective optimizations.
At each generation, a list of leaders is selected based on crowding distances and each
population is subdivided into three different subsets where a different mutation operator
is applied to each subset. Hence, OMOPSO helps in generating a list of final solutions

based on Pareto dominance.

Seeding the Initial Population of MOEA: A typical MOEA starts from a set of
initial solutions and iteratively improves the solutions during the optimization process.
Here, MOEA relies on random initialization of the initial populations. But often in large
and complex search spaces, this random method leads to an initial population which
consists of infeasible solutions [92]. Previous research on modifying the initial population
of a MOEA [93-95] showed that constructing a well-suited initial population can speed
up evolutionary algorithms (EAs) and reduce the convergence time to achieve acceptable
results. This method of injecting knowledge about the problem into the initial population
of the MOEA is known as seeding. Fraser et. al [96] proposed that leveraging target-
oriented knowledge about the problem and incorporating it into the initial population
can considerably improve the algorithm’s performance. Opposed to prior research, the
data-driven latent manifold of the PC-VAE is exploited to generate a target-oriented
seeding population for MOEAs, such that the optimization maintains a good diversity of

the final non-dominated solution set.

Prior Incorporation of Preference in the Optimization Task

Often, experienced decision makers (DMs) have prior design preference information that
can be incorporated into the optimization algorithm to generate an optimal solution.
Hence, in the prior preference incorporation scenario, there are different methods for DMs
to specify preferences [79]. The most common methods include dominance relationship,
fitness evaluation, termination criteria, constraint limits, etc. Another popular approach
is the weighted-sum method (WSM) [97] that relies on eliciting a designer’s preference
through weighing the criteria. WSM generates a single final solution point by presumably
incorporating a single set of weights based on DM preferences. The two most popular
approaches for weighing multiple criteria are the weighted sum [98] and Tchebycheff
approach [99]. However, a weighted sum is capable of the linear approximation of a
preference function only when the feasible design space is convex [100].

The weights in WSM need to be set according to the relative magnitude of the objective
functions rather than the relative importance of the objectives [101-103]. Arbitrary

specification of these weight values can lead to an undesired solution. Often, even with
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full knowledge of the objectives and satisfactory selection of weights, the final solutions
may not necessarily reflect the intended preferences that are supposedly incorporated in
the weights [100]. Hence, a strategy needs to be adapted to set the prior weights in WSM,
such that the final solution fits the designer’s preference criteria. In this research, an
adaptive strategy is proposed to adjust the weights in WSM, such that the final solution
of the convex optimization matches the DM’ preference.

4.1.2 MCDM Problem Formulation and Proposed Approaches

To consider a multi-criteria problem for automotive designs and to keep the computational
cost low, a multi-objective design optimization task is formulated using two 3D target
shape matching optimizations (TSMO). TSMO is used as a benchmark problem for design
optimization frameworks [104, 105]. A TSMO is a scenario, where an initial shape x;,
represented by a set of parameters 2, is approximated to a target shape by minimizing
a metric that measures the difference between the shapes. Here, two reference (target)
shapes are considered which reflect two targets, e.g., an aesthetic design target (z;) and

an aerodynamic target (x2). The multi-objective design problem can be formulated as,

min Uy (2), ¥y (2)
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where Wy, U,y are the two objective functions and Z is an n-dimensional latent vector of
a PC-VAE, which are used as decision variables for the optimization. The optimization
objective functions (¥; and Ws) receive an n-dimensional latent vector ' of each 3D
shape from the latent space of the trained PC-VAE. Next, the decoder of the PC-VAE
reconstructs the 3D shape from the latent vector 2z, where the objective function computes
the difference between the reference shapes to the current deformed shape using the
Chamfer Distance (CD).

In a real-world scenario, the objectives are typically of different magnitudes. To
normalize the objective function values, the upper bound (Nadir point z/V) of the Pareto
optimal set needs to be determined. The upper bound is obtained by separating ¢ objectives
into ¢ sub-problems, and these sub-problems are minimized independently using a single-

objective optimization strategy. Each objective function (¥;) is normalized with the upper
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bound value of the opposite objective function, and the normalized objective functions

(¥;) are defined as,

zYN = min (; (2)),i = 1,2
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Fig. 4.1 Two scenarios for multi-criteria decision analysis where z; and z2 are two reference shapes for the
optimization task. a) Scenario 1 for generating a range of diverse solutions. b) Scenario 2 for generating
solution(s) of interest based on DM’s design preference.

This multi-objective optimization problem leads to several scenarios for multi-criteria
decision analysis. Based on the objective of this research, two optimization scenarios are
considered here: First, when the DM has no prior preference, the target is to generate a
wide range of design possibilities between two reference shapes z; and x5 (Figure 4.1a).
This relates to posterior incorporation of preference in the optimization task. The second
scenario relates to the prior incorporation of DM’s preference to generate a solution of
interest (SOI), xp,, that is an intermediate design between the two reference shapes
and z5 (Figure 4.1b). As a preference information, the DM needs to define the distances
of dy and ds from the reference designs x; and z,, respectively.

Note that prior to all the following experiments, we generated a set of non-dominated
solution points as a first approximation of the Pareto front. This set is required to evaluate
the performance of the different algorithms, e.g., using the IGD measure (Section 4.1.4).
This solution set (best-NDS) is generated as follows. First, the multi-objective optimization
problem is converted into a single-objective function using a weighted-sum method. Then,
we systematically sample weights between [0, 1] to generate solutions for best-NDS. Of
course, this is only possible here to benchmark the algorithms using target shape matching,
which has a comparably low function computation time. In practical use cases like car
aerodynamic optimization, the computational time for a systematic weighted-sum method

is too high.
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Generate Diverse Solutions

In the first scenario (Fig. 4.1a), the target is to obtain a diverse range of design solutions
that approximate the Pareto front of the multi-objective optimization. The objective
functions in Eq. 4.1 are normalized, and the final normalized optimization functions are
minimized (Eq. 4.3).

min Uy (2), ¥y(2) (4.3)

Methods to Generate Target-Oriented Seeding of a MOEA: The MOEAs used
to solve MOO are generally initialized with a random initial population. To improve the
diversity within the non-dominated set, a method is proposed (Fig. 4.2) to generate a
target-oriented initial population for MOEAs.

In the proposed method, the normalized optimization functions in the MOO (Eq. 4.3)
are decomposed into 2 single-objective sub-problems. Each single-objective optimization
is performed using the covariance matrix adaptation evolution strategy (CMA-ES) [106].
The CMA-ES method was selected due to its suitability for small populations [106], high
convergence ratio, and a low number of hyper-parameters. Next, the final solutions of
each single-objective optimization are obtained, and a 100-step interpolation is performed
between the two final vectors in the latent manifold of the PC-VAE. The interpolation
is performed by calculating ratios of the contribution from two final solutions, and then
enumerating these ratios to construct a vector for each ratio (Section 3.2.3). The 100
latent vectors generated through interpolation (Lerp-seed) are used for the initialization of
the initial population of an MOEA.

/ Lerp-seed \ / ~ MOEA loop \
Single objective Intial

> population Crossover,

optimization for

. mutation
each objective
Individuals
Linear interpolation in evaluation, selection
latent space between final no
solutions of each single ‘
objective optimization , New
k yes population /
K Seeds non-dominated
solutions

Fig. 4.2 Proposed seeding mechanism in an MOEA.
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Generate Single Solution of Interest

For the second scenario in Fig. 4.1b, to generate a single solution point that reflects
preferences, the DM needs to specify comparative preference states for each objective
function value. However, here the objective functions are distance functions, so an
assumption is made that the DM has knowledge about the few best Pareto optimal points
(best-NDS), and the DM can specify the desired distance values of d; and dy for each

objective. Hence, the DM’s preference can be defined as a distance ratio (p) function:

dy
s
the normalized preference ratio(p)
with d; = ﬁ and dy = j;v (44)
4
s

The preference relation describes the relative importance over a set of objective functions.

Three scenarios for 3 different preference relations are considered here (Fig. 4.3):

1. when the quality of importance of objective Uy is higher compared to ¥, (dy > dy),
p=2
2. when objectives are of equal importance (d; = ds), p =1

3. when the quality of importance of objective U, is higher compared to U, (dy < dy),
p=0.5

N . Preference Ratio i . Preference Ratio N . Preference Ratio
2 (p=0.5) 2 (p=1) 2 (r=2)

2P, -
- Pos

dy

da
dy

(a) vy (b) vy © vy

Fig. 4.3 Three preference scenarios based on selection of d; and dy by the DM for each set of reference
shapes.

To incorporate the preference information into the optimization problem, two different
approaches are considered. First, the WSM, where the objective functions (Eq. 4.3) are

transformed into a single-objective (Eq. 4.5) and the preference information is incorporated
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by adjusting the weights of the WSM. Generating a final solution by selecting a set of
weights in WSM may not necessarily reflect the intended preferences, hence the research
on adapting the weights in WSM is under-explored in the literature [107, 108]. Therefore,
the aim is to propose an adaptive strategy to identify the best weight values in WSM to

match the DM’s design preference in the multi-objective optimization task.

As a baseline method to compare with the WSM, a second optimization approach is
utilized where the preference information (p) is incorporated using an additional objective
in MOO (Eq.4.3).

Determining the Weights of WSM: The normalized objective functions ¥; and
T, are summed in WSM and the aggregated objective function F (Z;w;) (Eq. 4.5) is
minimized. The final solution in the WSM depends on the values of the weights of w; and
ws, which are in the range 0 < w; 2 < 1. It is common practice to choose weights in a way
that their sum equals to 1, i.e., wo =1 — wy.

The proposed strategy to determine the optimal weight in WSM involves a two-step
strategy, where the weighted-sum optimization is performed first with a random weight w.
Next, a global optimization is performed to reduce the distance between the WSM output
and the DMs preference (p) (Eq. 4.6). The proposed combinative method (Fig. 4.4) helps
to determine a global optimum weight (w;) in WSM, such that the final solution of the

optimization with the selected weights is closer to the DM’s design preference.

Uy (2)

—)‘ - - 2
C(Zu) = (5 — =220 (4.6)
U»(2)
Optimization using black-box Global optimization
Initial solution . .
(20) Optimization algorithm: CMA-ES Optimization algorithm:
o . SHGO Optimal
Bounds Optimization objective F (5)‘ L . ptima
(wu‘u]m)—» (5 > Optimization objective w1
min F' (Z;w) min C/(Z:w;)
| F(Zw) = w0y (2) + wals () C(Zwy) = (5— jjgi)?
2

optimization loop

Fig. 4.4 Optimization strategy to determine weight w; in a weighted-sum method to match the DM’s
design preference.

In the first step (Fig. 4.4), a CMA-ES algorithm is considered for the WSM. CMA-ES
often requires providing a feasible solution as a starting point for the initial candidate
solution. To select the initial candidate solution in the CMA-ES algorithm, the initial

population vectors generated from Lerp-seed are considered (Fig. 4.2) and their normalized
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distance (d; and d,) are calculated from the respective reference shapes (z;,25) in the
optimization task. The solution vector in Lerp-seed with normalized distances closest to
the preferred distance function d; and ds is chosen as the initial solution vector (%) for the
CMA-ES. This approach of selecting the initial solution vector (zp) is intended to reduce
the number of generations needed for convergence to the optimum. Next, the objective
function of the WSM (Eq. 4.5) is optimized using CMA-ES.

In the second step, a global optimization algorithm is utilized that demonstrates a
promising global search capability. A global minimum is a point where the function’s
value is the minimum of all possible points in the function’s domain. There are numerous
global optimization techniques, yet only a few of them are derivative-free. The simplicial
homology global optimization (SHGO) [109] algorithm is a promising, derivative-free global
optimization (GO) algorithm, and it also returns all other local and global minima. It
follows an iterative clustering mechanism that maps the hyper-surface of the objective
function into topological matrix and determine the local minima of the topography. Hence,
the SHGO optimizer determines the global minimum weight w; by minimizing the cost
function in Eq. 4.6. The final optimal weight w; helps the DM to understand the relation
between the weights in WSM and the final solution.

4.1.3 Experimental Setup

To perform the above discussed optimization experiments (Fig. 4.5), the PC-VAE [77]
from the previous chapter is used to generate latent representations of the input shapes,
which form the decision variables of the optimization. The PC-VAE is trained with a
latent dimension L,=128, i.e., each decision variable is a 128-dimensional z" vector. All
remaining parameters and hardware settings for training the PC-VAE are the same as
utilized in the verification experiments (Section 3.3.1). The network is trained on point

cloud representations of car shapes from the ShapeNetCore repository [18].

Encoder of = Reference shapes—-. Decoder of
PC-VAE \ PC-VAE
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Fig. 4.5 Optimization workflow with different sets of reference shapes.
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A schematic workflow of the optimization task is shown in Fig. 4.5, where a pre-
trained PC-VAE encoder is considered to encode input shapes in the latent space Z. The
optimization is performed in the latent space, while the objective function in Eq. 4.1 is
calculated in the 3D space by reconstructing the latent representations at each generation.

In the end, the final solution is reconstructed using the decoder.

Problem Instances: Different combinations of reference shapes (x1,zy) are selected
to verify the proposed method in different multi-objective optimization scenarios. To
select reference shapes, the latent representations of the shapes from the training set
are clustered using k-means clustering. The clustering organizes the data according to
geometric similarity in the latent space of the trained PC-VAE.

Three problem instances (PIs) are selected (Fig 4.6) based on 3 scenarios. Each PI
consists of two reference shapes, that are selected from the different clusters in the latent

representation.

o PI-1 refers to Fig. 4.6a, where selected reference shapes are from two difference

clusters.
o PI-2 refers to Fig. 4.6b, where selected reference shapes are from two nearby clusters.

o PI-3 refers to Fig. 4.6¢, where selected reference shapes are from similar clusters.

(a) PI-1 (b) PI-2 (c) PI-3

Fig. 4.6 Reference shapes in each of the three problem instances (PIs).

4.1.4 Optimization for generation of diverse design proposals

The multi-objective optimization (Eq. 4.1) is performed using reference shapes from the 3
PIs. The multi-objective evolutionary algorithms (MOEASs) chosen for the optimization
tasks are NSGA-II, OMOPSO (both with random seeds), and Lerp-seed-OMOPSO (with

the proposed approach of seeding from Fig. 4.2).
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Parameterization of MOEA: The parameters of MOEAs are set in such a way to
have a fair comparison among the algorithms (Table 4.1). The genetic algorithm NSGA-II
uses an internal population equal to 100, and OMOPSO has been configured with 100
particles. For assessing the search capabilities of the algorithms, 10 independent runs of
each experiment are performed for 100 generations, and the results are compared using

different metrics.

Table 4.1 Parameterization of MOEA algorithms.

Parameterization used in NSGA-II

Population size 100 individuals

Selection of parents binary tournament
Parameterization used in OMOPSO

Swarn size 100 particles
Mutation uniform-+non-uniform
Leader size 100

Lerp-seeding of MOEA: To generate the seeds for the MOEA with the proposed
approach (Fig. 4.2), the two objectives (Eq. 4.3) are converted into two single objective
sub-problems. Next, each sub-problem is optimized using CMA-ES. CMA-ES algorithm
samples solutions from a multivariate Gaussian distribution and all solutions are ranked
and the distribution parameters are updated. The CMA-ES[110] utilizes a (u, A) strategy,
where the chosen population size A is set to 10, and the number of parents p is set to 3. The
algorithm is set to an initial step size of 0.01 and 100 generations. The objective functions
¥, and Uy (Eq. 4.3) are minimized separately, where 7 is a 128-D latent vector of the
trained PC-VAE. Even though there is a large number of decision variables, the convergence
of CMA-ES is observed through monitoring the fitness function over 100 generations (Figure
not shown here). The final solution of each single objective optimization is a 128-D latent
vector that represents a car design. The solutions for Lerp-seed is generated by a 100-step
linear interpolation in the latent space of the PC-VAE between two final solution vectors,
which are added as an individual to the initial population of MOEA. The effect of the
Lerp-seed with OMOPSO is analyzed and compared with no seed MOEAs using the

following performance metrics.

Performance Metrics: For comparing the behavior of the MOEAs, four metrics are

considered:

» Hyper-volume indicator (HV)[86] measures the volume enclosed by a solution set
and a specified reference point. Since the objective functions are normalized, the
reference point is chosen as (1,1). It indicates a quality of convergence and diversity.
A high HV value is preferable, reflecting the set having good diversity.
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o Inverted generational distance (IGD)[111] indicates how far are the non-dominated
solutions produced by the algorithm from the reference points in the true Pareto
front (best-NDS) of the problem. A smaller IGD indicates that all the elements

generated are in the true Pareto front.

» Spacing (SP) as suggested in [112] measures the distance variance of neighboring
vectors in the Pareto front. Lower SP shows that all the non-dominated solutions

found are equidistantly spaced.

o Number of function evaluation (NFEs) is calculated by multiplying the population
size (or the number of particles) and the number of generations, i.e., the total number

of experimental runs.

Results and Discussion

The performance of different MOEAs (NSGA-II, OMOPSO with random seeds and Lerp-
seed in OMOPSO) are assessed in terms of generating diverse design solutions for the
multi-objective optimization problem (Eq. 4.3). Table 4.2 presents mean values of HV,
IGD, and SP of the optimization task using NSGA-II, OMOPSO and Lerp-seed-OMOPSO.
Out of the three MOEAs, Lerp-seed-OMOPSO achieved the best results with respect to
mean HV and mean IGD values for the multi-objective optimization task.

Table 4.2 Results obtained from optimization of problem instance 1 for NSGA-II, OMOPSO, and Lerp-
seed-OMOPSO. Best performance metrics (HV, SP and IGD) among all methods are shown in bold.

HV SP IGD

(mean) | (mean) | (mean)

NSGA-IT | 10000 | 0.473 | 0.186 | 0.060
OMOPSO | 10000 | 0.484 0.229 0.059

Lerp-seed
OMOPSO

Methods | NFEs

10000 | 0.490 | 0.211 | 0.055

Additionally, to compare the statistical significance of the HV difference, the Mann-
Whitney test is performed to prove the difference between Lerp-seed-OMOPSO and
other MOEAs (NSGA-II and OMOPSO initialized with random seeds). The analysis
reveals significant statistical differences (p < 0.05) between Lerp-seed-OMOPSO and other
MOEAs. Hence, Lerp-seed-OMOPSO with high HV and low IGD values provides better
distribution of the generated non-dominated solutions.

Nevertheless, the NSGA-II returns a higher number of non-dominated solutions and
has a lower spacing (SP) between the solutions. Yet, OMOPSO (with or without seeds)
provides a better spread of solutions than NSGA-II. Besides the quantitative comparisons,

the non-dominated solutions plot obtained from one optimization run with shapes from
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PI-1 (Fig. 4.7), shows that the Lerp-seed-OMOPSO has a better spread of solutions than
NSGA-II and OMOPSO with random seeds.

v NSGA-IT
% OMOPSO
% Lerp-seed-OMOPSO

1.0 4

0.8 4

b2

0.6

0.4 4

0.2 4

04 056 08 10

Fig. 4.7 Pareto fronts obtained by the NSGA-II, OMOPSO, and Lerp-seed OMOPSO for optimization
with reference shapes from PI-1 (shown for 1 run).

The optimizations are also performed for the other two other problem instances (PI-2
and 3), to take a closer look at how the mean values of HV and IGD change with respect
to NFEs as the search evolves. Figure 4.8 and 4.9 show the mean HV and mean IGD of
the non-dominated solution set for 10,000 NFEs. The optimizations are for each of the 3
problem instances and the mean HV and IGD are calculated as an average over 10 runs.
The proposed Lerp-seed OMOPSO requires initial 2000 function evaluations to run the
two single objective optimization using CMA-ES, so the mean HV and mean IGD plot for
Lerp-seed OMOPSO starts after 2000 NFEs to make fair comparisons.

For all 3 PIs, the OMOPSO algorithm is initialized with Lerp-seed as the initial
population outperforms other algorithms that initialized with random seeds. This leads
to the conclusion that spending some additional computational effort in constructing a
target-oriented initial population of an MOEA helps to improve the convergence in the
optimization problem. However, the exploitation of the low-dimensional latent domain

knowledge comes with an additional cost of training the PC-VAE with 3D shapes.
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Fig. 4.8 The change of mean HV (10 runs) with respect to the number of function evaluations (NFEs) on
3 problem instances (PIs).
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Fig. 4.9 The change of mean IGD (10 runs) with respect to the number of function evaluations (NFEs) on
3 problem instances (PIs).

Further, the scale of mean HV and mean IGD for PI-3 is lower compared to the scale
observed in PI-1 (Fig. 4.8 and 4.9). This is because the reference shapes in PI-3 are from
similar clusters, signifying less Euclidean distance between the reference shapes in the latent
subspace of the trained PC-VAE. Hence, the optimization algorithms generated a better
set of diverse non-dominated solutions for PI-3 compared to PI-1, where the reference
shapes are from two different clusters signifying a high Euclidean distance between the
reference shapes. However, for all the Pls, the optimization algorithms can achieve feasible
car shapes. Therefore, according to the findings, the experiments show that exploiting
the data-driven knowledge of latent space improves the convergence of the multi-objective

optimization, leading to the generation of diverse 3D shapes.

4.1.5 Optimization for generating solutions based on DM pref-

erence

To generate solution(s) of interest that satisfy DM’s design preference in the second
optimization scenario (Fig. 4.1b), three preference scenarios (p=2, 1 and 0.5) are considered
based on the distance (d; and ds) values provided by the DM. The normalized preference p
is calculated from the distance values (Eq. 4.4). Next, the normalized ratio is incorporated
in both the WSM and the baseline approach. The ideal weight in the WSM needs to be
estimated (Eq. 4.6) based on each normalized preference (p). In the baseline approach,
the DM specified preference ratio p is considered as an additional objective function in the

multi-objective problem (Eq. 4.3).

Parameterization of WSM: The weight in the WSM is estimated using the proposed
adaptive weight determination method (Fig. 4.4). First, the composite function (Eq. 4.5) is
minimized for a single w; to generate a final solution, whose distance to both the objectives
is denoted by W, (Z) and Wy(Z), respectively. Second, an additional global optimization is
performed such that the final solution from the WSM matches the normalized preference

criteria (p). These two steps are performed in an iterative manner, where an initial bound
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of the weight w; € [0, 1] is provided at the start of each optimization process. Through
the two-step iterative process, the global optimizer tries to find the global minimum
(optimal w;) and the process continues until the cost function (Eq. 4.6) converges. The
final solution generated with this optimal weight w; in WSM is closer or matches the

DM’s design preference. This adaptive strategy is performed for each preference scenario
(p=2,1and 0.5) and for all the 3 PlIs.

Performance Metrics: For the comparative study, three unary metrics are considered:

o Number of function evaluations (NFEs) for the proposed weight adaptive strategy
depends on the number of calculations of the objective functions. For the WSM
(Fig. 4.4), the weight w; is searched using a global optimizer. Each iteration of
the optimization loop needs 500 function evaluations for performing the CMA-ES
optimization. Next, modifying the initial solution of CMA-ES (Z5) needs 2000 NFEs.
Therefore, the total NFEs for the proposed approach of determining weights w;
for WSM is (2000 + n x 500) NFEs. For the second baseline MOEA algorithm
(OMOPSO), the total number of function evaluations exhausted is equal to the
product of the number of particles (100) and the number of generations (100).

e Preference ratio measures the ratio of the distance in ¥y to Wy of the final generated

solution.

e Quality of the final generated solutions is measured by the Euclidean distance
between the generated solution and the preferred solution (zp, in Fig. 4.3). The
lower the Euclidean distance, the closer the final generated solution to the DM’s

preferred solution.

Results and Discussion

The performance of both the WSM and baseline 3-objective MOEA are assessed (Table
4.3), in terms of the above-mentioned three unary metrics. For each preference scenario (p=
2, 1, and 0.5), an optimization task is performed for all the 3 PIs (Sec. 4.1.3), using both
WSM and 3-objective MOEA. The optimization using the 3-objective MOEA generates
more than one final solution, so one or two final solutions are chosen that are closer to the
normalized preference ratio (p). For 3-objective MOEA, the NFEs are constant for each
optimization task.

For all PIs and normalized preference ratios (p) (Table 4.3), both optimization methods
converge and generate feasible car shapes. However, the WSM method with a global
optimizer generates a shape that is closer (lower quality metrics) to the DM-defined
preference, along with much fewer NFEs. The WSM generates a different optimal weight

wy depending on each PI and normalized preference ratio (p).
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Table 4.3 Metric comparisons (NFEs, preference ratio, and quality) for generating solution (s) of interest
using WSM with the global optimizer and 3-objective MOEA. Each of the problem instances (PI) is
evaluated for each of the preference scenarios. For WSM, we reported as NFEs (n), where n is the number
of iterations through the optimization loop. Method with best performance metrics for each preference
ratio are shown in bold.

Preference ratio Preference ratio Preference ratio
Methods Metrics
(p=2) (p=1) (p=10.5)
PI1 PI2 PI3 PI1 P12 P13 PI1 P12 P13

p=794 p=362 p=8.66 p=1.6 p=0.91 p=1.06 p=0.56 p=0.22 p=0.085
Search w; | NFEs (n) | 4000 (4) 6000 (8) 4000 (4) | 5000 (6) 3500 (3) 4000 (4) | 5500 (7) 5000 (6) 5000 (6)
with global | Normalized

optimizer preference 7.96 3.48 7.72 1.10 0.92 1.09 0.48 0.20 0.095
in WSM ratio (p)
Quality 0.019 0.085 0.089 0.022 0.003 0.036 0.045 0.054 0.050
—_— NFEs 10000 10000 10000 10000 10000 10000 10000 10000 10000
3-objective Normalized
MOEA i 3.92, 1.10, . 1.04, 0.56,
pleffelerlce 6.30 335 5.30 1.03 1.06 0.95 0.64 0.24 0.64
ratio (p)
. 0.194, 0.121, 0.24, 0.28,
Quality 0.114 0.139 0.10 0.120 0.054 0.19 0.27 0.16 0.40

This experiment shows that the proposed strategy (Fig. 4.4) adapted the initial bound
[0, 1] of weight (w;) to an optimal weight value (optimal w;), and the final solution of
WSM with this optimal w; is the closest to the DM’s preference criteria. Hence, it can be
concluded that using the latent representation of the PC-VAE as decision variables for the

preference-based optimizations helps in faster generation of solution.

4.1.6 Summary

In this section, the feasibility of the latent representation of the point cloud variational
autoencoder (PC-VAE) is evaluated as a geometric representation in a set of multi-objective
optimization tasks. The PC-VAE trained with car shapes from the ShapeNetCore reposi-
tory, generates a suitable probabilistic latent manifold, which is used as an optimization
landscape for preference-based optimization. Knowledge from the latent space is exploited
to generate solutions involving multiple criteria and is incorporated in the optimization
algorithm to achieve faster convergence. However, exploiting the knowledge of the learned
latent representation requires an existing data set for training the PC-VAE, which is not
always available prior to the optimization task. Additionally, defining the data set is
already a challenging task, since it should contain the complete set of geometric features
that the optimization search should be able to reach during the optimization.

For the multi-objective optimization task, two preference incorporation scenarios
are considered in this research. The first scenario resembles designers having no prior
information about their design preferences. Therefore, the aim of the optimization task
is to generate a diverse range of design solutions that are given back as a suggestion to
the designer to select a design of interest. A seeding strategy (Lerp-seed) is proposed by

exploiting latent space knowledge, to initialize a multi-objective evolutionary algorithm.
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This proposed seeding strategy provides a warm start to the optimization process, which in
turn improves the performance of the evolutionary algorithm for solving the optimization
problem. Through a series of experiments, it has been demonstrated that using the
proposed seeding strategy is beneficial not only to improve the convergence time of the
algorithm and generate better diverse solutions compared to using algorithms with a
random seeding approach.

The second scenario corresponds to designers having prior preference information and
therefore the aim to generate a final solution that matches the preference criteria. The
WSM method is considered for this approach, where the algorithm is initialized with
solutions from the Lerp-seed. Next, an adaptive strategy is proposed to determine the
weight in WSM, such that the final solution of the optimization matches the designer’s
preference. Comparing the result with other baseline approaches, WSM can generate a
final solution that matches the designer’s prior mentioned preference and with less NFEs.

Therefore, with the series of optimization experiments, the continuity of the latent rep-
resentation of the PC-VAE is verified for multi-criteria-based design generations. However,
an ideal automotive design optimization involves the calculation of several design proper-
ties such as aerodynamic drag efficiency, crash-worthiness etc. Optimizing each design
based on these criteria requires expensive, time-consuming simulation runs. Therefore, to
replace costly objective function estimations with surrogate models, the research in the
next section focuses on analyzing the suitability of the latent representation for surrogate

modeling tasks.

4.2 Exploiting Latent Space for Surrogate Modeling

In automotive digital development, computational fluid dynamics (CFD) analysis helps to
optimize car designs for increased efficiency and better aerodynamics, however, each CFD
simulation is computationally expensive. A feasible way of replacing expensive simulations
or function evaluations in design optimizations is to learn faster-to-evaluate surrogate
models from past CFD evaluations and employ them for estimating objective functions in
an optimization task [113, 114]. Nevertheless, generating an accurate data-driven surrogate
model for optimization requires enough data so that the surrogate model can sufficiently
approximate the original fitness landscape of the optimization. Though benchmark data
sets of 3D shapes are available, data sets that are geared towards engineering applications
and engineering-specific problems are lacking due to generation cost and confidentiality
reasons. Therefore, in the engineering domain, it is difficult to apply state-of-the-art
machine learning techniques for surrogate modeling. An example of such an application
is the prediction of CFD from geometric representations of 3D designs, which poses

challenges such as highly non-linear data and relationships between performance and
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geometry. Furthermore, a suitable representation of geometry must be found that can be
used as input to a predictive surrogate model. One possible idea is to utilize the latent
representation of the point cloud (variational) autoencoder (PC-(V)AE) as the input
representation for training a surrogate model. However, training a PC-(V)AE neglects
any explicit information related to the performance of the designs. Therefore, the relation
between the learned latent variables and the design performances are also unknown. Hence,
configuring the surrogate models to map highly nonlinear data, such as aerodynamic
performances, becomes very challenging.

In this section, information-theoretic measures are utilized to quantify the information
stored in the latent space of the PC-(V)AE with respect to different structural and
functional properties of the 3D shapes. Next, a surrogate model is trained on the learned
latent representation for performance prediction of 3D shapes. Further, to address the
data-limitation issue of engineering performance measures, the probabilistic latent space
of PC-VAE is exploited for generating additional realistic car shapes to augment the
surrogate model’s training data.

The remaining sections are organized as follows: In Section 4.2.1, the existing surrogate
models built on the latent space of autoencoders are reviewed. Next, Section 4.2.2 provides
details of the PC-(V)AE’s architecture, surrogate model’s architecture and the data
augmentation process, along with the detail of the experimental set-up (Section 4.2.3).
The information theoretic analysis of the PC-(V)AEs latent variables for regression tasks is
presented in Section 4.2.4 and the performance of the surrogate models for the regression
task are analyzed (Section 4.2.5). Lastly, in Section 4.2.6, the latent space of the PC-VAE
is exploited for data-augmentation task to address data-limitation for surrogate model

training.

4.2.1 Prior Art

Unsupervised Learning of 3D Representations: Both in the autoencoder and
variational autoencoder, the encoder processes unstructured 3D data through point-wise
operations to generate the latent representation, which primarily holds local design features.
Even if the latent representations of both the PC-AE and PC-VAE provide a high-level
summary of the input representations [115], a quantitative analysis of the information

stored in the latent representations of these models is currently missing.

Training Surrogate Models on Latent Representations: Previous work in the
chemistry and biology domains shows promising results with surrogate models trained on
latent representations to predict the characteristic of chemical compounds before commit-
ting to an extensive synthesis process [15, 116]. In the automotive domain, few studies

use analogous representations to predict aerodynamic forces for real-world applications.
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In 2D laminar flow estimation, Eismann et al. [117] utilized a VAE for learning latent
representations of 2D shapes and Gaussian process regression to predict the corresponding
drag coefficients. For 3D shapes, Umetani et al. [118] utilized a machine learning-based
regression model to predict aerodynamic forces of 3D shapes, along with a time-averaged
velocity field around the object. Nevertheless, the proposed model is limited to 3D shapes
parameterized using Poly Cube maps, which assume a pre-determined ordering of the
points. Hence, as the number of network parameters increases with the size of the input
point cloud, the network is prone to scalability issues. Different from prior research, the
encoder of the PC-(V)AE processes unstructured 3D data through point-wise operations
to generate latent representation and the network is easily scalable to high-dimensional
point clouds.

However, in our application, the data available for training the surrogate model is limited
to a subset of the available shapes. Previous works address this data limitation problem by
utilizing the generative capability of VAEs for synthesizing data to tackle imbalanced data
sets [66] and improve classification accuracy [68]. In contrast to classification tasks, the
labels in the regression task are in continuous space, so associating labels to each of the
generated samples is a challenging task. Therefore, to address the data limitation problem
in the surrogate modeling task, the PC-VAE is trained on a data set of benchmark car
shapes are utilized to generate additional realistic car shapes to augment the surrogate
model’s training data. Yet recovering the performance labels from 3D representations in
the latent space of the PC-VAE is a more demanding task than in the reviewed cases.

To consider surrogate models for regression tasks, the multi-layer perceptrons (MLPs)
are a popular neural network architecture [119] due to its structural flexibility. An MLP
maps input to output data through input, one or more hidden, and output layers. The
layers comprise artificial neurons activated with nonlinear functions and fully connected
to others in successive layers. An MLP learns the mapping by adjusting the connection
weights between neurons by using the back-propagation algorithm [120] for minimizing
the error between the MLP predictions and expected output values. In this research, a
multi-output MLP is utilized to map the latent representations with their corresponding

performance metrics.

4.2.2 Methodology

The data utilized in this set of experiments comprise 3D point clouds sampled from
polygonal meshes of the car class of the ShapeNetCore [18] repository. Different from prior
experiments, a shrink-wrapping algorithm [121] is utilized to sample point clouds from
3D meshes. The shrink-wrapping samples points uniformly from the external surfaces
of 3D objects, which are most relevant for our applications, as it generates point clouds

organized based on the vertex assignment of the shrink-wrapped mesh. The values of the
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algorithm are set to six shrinking steps and a single smoothing step (Fig. 4.10). The car
class consisted of 3750 shapes and each shape consists of 24578 points (N = 24578).

Initialization Shrinking Smoothing

Reference mesh Sampled point cloud Reconstructed mesh

Fig. 4.10 Shrink-wrapping.

Training PC-(V)AEs on organized point clouds has two main advantages. First, since
the point correspondence between point clouds is known, it allows us to utilize simpler loss
functions, here: mean-squared distance, which are computationally less expensive. Second,
by enforcing the autoencoder to learn the ordering of the vertices in the shrink-wrapped
mesh, it allows us to utilize the PC-(V)AE predicted point cloud to update the vertices of

the mesh and quickly generate water-tight models for engineering simulations.

Design Performance Data: In this research, performances of a 3D design is defined
by its volume and aerodynamic drag coefficient. The volume (V') measure is selected due
to its low computational effort and simple interpretation. The aerodynamic drag (F})
requires higher computational effort to compute and is highly nonlinear with respect to
the latent representations. Hence, finding suitable surrogate models for aerodynamic data
is highly of interest, as it would accelerate design optimization in real-world automotive
development [122].

For calculating the aerodynamic drag, CFD simulations are performed on the shrink-
wrapped meshes using OpenFOAM®!. An assumption is made that the cars drive at a
constant velocity of 110 km/h in a straight line and that the cars are symmetric with
respect to the vertical-longitudinal (xz) plane. The convergence of each model is verified
based on the drag force calculated in the last 20 simulation steps, and the models are
selected with a standard deviation within 5% of the mean value and magnitude within
[75,500]. Out of 3500 shapes in the original data set, the performance metrics are obtained
for 600 shapes only. This simulation database is prepared by co-author Rios [123].

Thttps://www.openfoam.com/
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Models for Learning on 3D Point Clouds

To analyze the effect of regularization in the latent space of the variational autoencoder
in terms of information content in the latent space, both the autoencoder (PC-AE) and

variational autoencoder (PC-VAE) are trained and analyzed in this experiment.

Point Cloud Autoencoder (PC-AE): The PC-AE architecture used in this set of
experiments, is similar to the PC-AE proposed in [61].

Point Cloud Variational Autoencoder (PC-VAE): The architecture of the PC-
VAE is like the one proposed in the previous chapter (Fig. 3.1). In the previous experiments,
the reconstruction 10ss Lyecon in Eq. 3.3 was measured using Chamfer Distance (CD)
(Eq. 3.4). Since the CD function is invariant with the permutation of the points, the
network trained with CD generates unorganized point clouds. In the present research,
the data set consists of organized point clouds. Hence, a second PC-AE and PC-VAE are
trained with the mean-squared distance (MSD) as a loss function (Eq. 4.7) to maintain the
correspondence between the input and output point clouds and thus generate an organized

output point cloud. The MSD between input and output point clouds, defined as,

1 N
MSD(.on — 0 N Z Hxin,j — .1707]'”3 (47)

where x;, ; and z, ; are the j-th points of the input and output point clouds respectively.
Furthermore, as the VAE learns a stochastic mapping between the input space and the
latent space, Z = ji (Fig. 3.1) is considered as the latent representation of the PC-VAE to

get a fixed set of latent variables for the experimental analysis in the following sections.

Information Theoretic Measures to Analyze the Latent Representations

To analyze the relationships between the latent representations learned by the PC-(V)AEs
and the design performance metrics, the Pearson correlation coefficient (PCC) and mutual
information (MI) are calculated. Both measures quantify the relationship between a
pair of variables, X, and Y. The PCC(X,Y) assumes a linear relation between the
variables, while the MI measures the amount of information that X holds about Y as
the KL divergence between the joint distribution p(X,Y’) and the product between the
marginal distributions p(X), p(Y"). Hence, MI also describes nonlinear relations in the
data, which are not captured by the PCC. Kraskov et al. [124] proposed an MI estimator
for continuous input variables, which is used here. Both the PCC and MI are used to
quantify relationships between variables, as the PCC may miss non-linear relationships,

while it is computationally less expensive to estimate from the data.
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Note, that MI estimators have known bias when applying them to finite data [124].
A common approach for handling this bias is by performing statistical testing of the MI
estimate, to evaluate whether the estimated MI is truly different from zero. For this, a
permutation testing is done under the Null hypothesis of zero MI. The Null distribution is
generated by repeatedly estimating the MI from shuffled data such as to generate a null

distribution, against which the original estimate is compared.

Surrogate Model

For training a surrogate model from the latent representations of 3D designs to their
desired properties, a 2-output multi-layer perceptron (MLP) is trained to map a latent
representation Z; to their corresponding two output variables (Fig. 4.11): normalized
volume (V') and normalized drag coefficient (F}). The multi-output MLP is trained for a
regression task, i.e., given a latent vector Z; of an unseen 3D shape instance z;,7 = 1,2 C R?
(Fig. 4.11), the learned multi-output regression function f (-) predicts a two-dimensional

vector y as output, predicting V and F.

b
g

Fig. 4.11 Schematic overview of surrogate model (MLP) training procedure to map latent representations
to performance measures (V, Fy).
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Here, the MLP comprises a single hidden layer with 10 hidden neurons, which are
activated with ReLU. The output layer comprises two neurons that yield the predicted
values of volume (V') and drag coefficient (F}), and is activated with a sigmoid function.
The data set is divided into partitions of 85% and 15% for training and testing, respectively.
A 5-fold cross-validation strategy is applied on the training set to tune the number of
hidden neurons, and the learning rate of the MLP. The weights of the network are optimized
by minimizing the mean-squared error for a maximum number of 1000 epochs utilizing the
Adam optimizer [76]. The learning rate of the optimization algorithm is set to n = 0.001
and the data is fed to the network in a batch of 50 samples.

After selecting the hyper-parameters of the MLP, the MLP is re-trained on the whole
training set and the performance of the surrogate model is evaluated on the test set using
R-square (R?), root-mean-square error (RMSE), and mean absolute error (MAE). R? score

measures the squared correlation between the true and predicted values of the surrogate
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model, while RMSE and MAE measure the prediction error of the model. Therefore, the
higher the R? score and lower the RMSE and MAE, the better the surrogate model.

Data Augmentation

The available performance measure data for training the surrogate model is limited in our
case. More precisely, performance data is sparse in certain regions of the latent space. This
imbalance in the data set potentially leads the MLP to over-fit the data corresponding
to the most abundant target values or miss the input-output relations of less observable
samples. Therefore, to address this issue, the PC-VAE trained with MSD loss is utilized
to extrapolate new designs based on the distribution (f, &) learned in the sparse regions.

The advantage of using the PC-VAE is that the stochastic latent space allows us
to quickly generate new designs with shared geometric features (Fig. 4.12), which is
challenging to perform by directly manipulating the ShapeNetCore models. The sampled
latent vectors are fed to the trained decoder of the PC-VAE-MSD. Note, the PC-VAE
trained on MSD is used for this shape generation task, as the aim is to generate water-tight

meshes from the output point clouds, which is a requirement for CFD simulations.
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Fig. 4.12 Reconstruction of the sampled shapes from a latent distribution. z, is the shape reconstructed
by decoding the [i vector of the distribution. The colors of shapes (x1, x2, 23) indicate difference of the
shape from z,,.

4.2.3 Experimental Setup

Considering the discussed methods, an experimental setup is presented for training the
PC-AE and PC-VAE architectures with different training loss functions.

Data Set: The data set for this set of experiments comprises 3500 shapes selected from
the car class of the ShapeNetCore repository [18] (Fig. 4.10). The networks are trained
with randomly selected 90% percent of the shapes in the data set.

Training Settings for PC-AE: Two PC-AE models are considered: The first (PC-
AE-CD) was trained utilizing the Chamfer Distance (CD) as reconstruction loss, while the

second (PC-AE-MSD) was trained using MSD as loss function. The hyper-parameters of
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the networks are set to standard values [61]. The size of the latent representation is set to
L. = 20, to balance the trade-off between low reconstruction loss and a limited number of

latent variables for qualitative evaluations.

Training Setting for PC-VAE: Two variations of PC-VAE models are considered
similar to PC-AEs. Our motivation is to allow the PC-VAE to reconstruct an organized
point cloud for easy generation of water-tight meshes. Hence, the hyper-parameters of
the PC-VAE-MSD model are optimized using a grid search. The selected values for
hyper-parameters o and § are 1000 and 0.001 respectively, as they yield an acceptable
trade-off between reconstruction accuracy and divergence in the latent space. For training
PC-VAE-CD, the hyper-parameters of the network are set to standard values [77].

All remaining parameters and hardware for training PC-(V)AEs are the same as utilized

in the verification experiments (Sec. 3.3.1).

4.2.4 Information-Theoretic Analysis of the Latent Representa-
tions

The Pearson correlation coefficient (PCC) and mutual information (MI) are calculated

between the latent representations learned by each model (PC-AE-CD, PC-AE-MSD,

PC-VAE-CD, and PC-VAE-MSD) and two performance metrics: normalized volume (V)

and normalized drag coefficient (F,) (Figs. 4.13 and 4.14). In this analysis, a sub-set of

data comprising 600 shapes is considered for which the CFD calculation converged.

PC-AE-CD PC-AE-MSD PC-VAE-CD PC-VAE-MSD
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Fig. 4.13 Pearson Correlation between the latent representations of the autoencoders (PC-AE-CD, PC-
AE-MSD) and variational autoencoders (PC-VAE-CD and PC-VAE-MSD) and normalized performance
metrics calculated from the designs: volume (V) and drag (F;).

The absolute values of PCC and MI obtained for the PC-AE models were higher than
observed for the PC-VAE models. A higher PCC magnitude indicates a lower complexity

for surrogate models to learn the data since the relations between input and output have



68 Exploiting a Generative Model for Guidance in 3D Designs Optimization
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Fig. 4.14 Mutual Information between the latent representations of the autoencoders (PC-AE-CD, PC-
AE-MSD) and variational autoencoders (PC-VAE-CD and PC-VAE-MSD) and normalized performance
metrics calculated from the designs: volume (V) and drag coefficient (F).

a higher degree of linearity. The MI indicates that the latent representations of the
PC-AE hold more information about the design performances than the PC-VAE variants.
Regularization in the latent space of the PC-VAE reduces the information content with
the probabilistic encoding. Hence, regardless of the data linearity, the PC-AE latent space
potentially leads to more accurate surrogate models since it allows the surrogate model to
leverage more information for learning the performance measures.

Also, the values of PCC and MI were more evenly distributed in the PC-AE latent
spaces than obtained with the PC-VAE. This difference indicates that the PC-AEs enable
different design degrees of freedom than the PC-VAEs and are in line with the results
reported in [121]. Furthermore, comparing the obtained MI between models trained with
CD and MSD (Fig. 4.14, columns (b) and (d)), the models trained with MSD yielded
higher values. Our interpretation is that the MSD allows the PC-(V)AEs to implicitly
learn global shape information by enforcing the organization of the points and, thus,
improving the correlation of the latent representations to more complex performance data.

To test the statistical significance of MI estimations in Fig. 4.14, the order of values
for each latent variable z;, is shuffled to obtain permuted values z.. Next, a surrogate MI
value I'(z},y) is calculated. This process was repeated 200 times for each combination of
the latent variable z; and performance value. The p-value for each I(z;,y) was obtained as
a fraction of surrogate values larger than the original estimate, I'(z},y) > I(z;,y). If the p-
value was lower than the critical a-level of 0.05, it is considered statistically significant. All
MI estimates were statistically significant at the specified a-level. Therefore, MI estimation
in the PC-VAE latent space signifies that a small set of variables holds information about
the performance, compared to more latent variables with high information in the PC-AE

latent space.
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Fig. 4.15 Reconstruction of the input point cloud using the trained PC-VAE-CD and PC-VAE-MSD
models.

Nevertheless, from the results, it can be concluded that the baseline MI values (Fig.
4.14) are representative, and our observation that the MSD-based training increases the
information contained in the latent space still holds. Furthermore, the PC-VAE trained
with MSD loss function shows improved quality of mesh reconstruction, which is verified

by visual inspection of the reconstructed shapes in Fig. 4.15.

4.2.5 Surrogate Model

Surrogate models are trained on the latent representations of 3D shapes along with their
performance metrics. To build a surrogate model for predicting performance measures, a
two-output multi-layer perceptron is considered to map the latent representations with the
performance metrics: F, and V. Two MLPs are trained to predict performance metrics:
The first MLP trained on the latent representations of PC-AE-MSD (MLP-AE) and the
second MLP trained on the latent representations of PC-VAE-MSD (MLP-VAE). As
baselines, two models are trained to predict the performance as the mean performance in
the training set for both the PC-AE-MSD (Baseline AE) and the PC-VAE-MSD (Baseline
VAE). The data set of 600 shapes along with their performance metrics are divided into
85% and 15% training and test set.

To consider the stochastic nature of the MLPs initialization, the performances on the
training and test set are evaluated over 30 runs and the mean and standard deviation of
the errors are reported. Table 4.4 shows the prediction performances of MLPs and baseline
regression models on the training and held-out test set. Both the MLP-AE and MLP-VAE
showed better prediction performances compared to baseline models. The R? score, RMSE,
and MAE between MLP-AE and MLP-VAE are comparable for the training set. However,
in the test set, the MLP-AE predicts the output performances more accurately than the
MLP-VAE, which indicates that the latent space learned by the PC-AE is more suitable
for surrogate modeling than the space learned by the PC-VAE.

For visual verification of the two performance prediction results, two scatter plots of
true versus predicted values for the test samples are shown (Fig. 4.16). Both models

predicted the volume with better performance than the aerodynamic drag coefficient, for



70 Exploiting a Generative Model for Guidance in 3D Designs Optimization

Table 4.4
Training set Test set
Models R2 RMSE MAE R2 RMSE MAE
Baseline AE -.005£.004 .160£.002  .120£.001 | -.007+£.000 .1194£.000 .156+.000
MLP - AE .875+£.002 .044+.002 .035+.004 | .834+.003 .048+.0006 .068+.0015
Baseline VAE | .101+.280  .140£.030  .1104+.020 | -.008%.000 .110+.000 .157£.000
MLP-VAE .861£.010  .0484+.005  .036£.002 | .750+£.001  .055+.0023  .0724.0023

which the scatter plot showed higher dispersion of the data with respect to the ideal

regression model.
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Fig. 4.16 True versus predicted values of drag and volume measures on the test set.
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Fig. 4.17 Comparison between the original shapes in the test set with true performance values and
reconstruction of the samples using PC-AE-MSD and PC-VAE-MSD with performance values predicted
using trained MLP regressors on their latent space.

In the second verification, the reconstructions of 4 samples from the test set along
with their predicted performance values are plotted for visual verification (Fig. 4.17). The
prediction of the MLP-AE on 4 samples is more accurate compared to MLP-VAE. However,
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for the shape with the lowest drag (second column), both models failed to predict the
lower drag value (F}). This could be due to limited data of that particular car class in the
training set. Further, analyzing the distribution of the normalized volume and drag of the
training samples, it can be concluded that most of the samples yield accurate normalized
performance values in the interval [0.2,0.6] (Fig. 4.17). However, prediction power is poor
in the extremes of both performance measures due to data sparsity. Therefore, to improve
the distribution of the training data, the shape generative capability of the PC-VAE-MSD

is explored to augment the data set and improve the quality of the surrogate models.

4.2.6 Exploiting the Generative Capability of PC-VAE for Data

Augmentation

To augment the regression data set, an additional 300 latent vectors are sampled from
input shape distributions which has normalized volume and drag values below 0.2 and
higher than 0.6. For each vector, the point cloud is reconstructed using the decoder of the
PC-VAE-MSD (Section 4.2.2). The reconstructed point clouds are converted into meshes
using the shrink-wrapping algorithm, and the volume and drag coefficient of these shapes
are calculated using OpenFOAM®.

Table 4.5 RMSE on test set. RMSE marked in bold are statistically significant compared to the baseline
RMSE (when r = 0).

Ratio of
Augmented Data (r) MLP-AE MLP-VAE

0 0.0480 £ .0006 0.0550 + .0023

0.2 0.0454 + .0011 0.0488 +.0014

0.4 0.0447 +.0011 0.0492 £+ .0015

0.6 0.0452 + .0013 0.0491 £+ .0011

0.8 0.0474 £ .0012 0.0557 £ .0018
1 0.0492 + .0017 0.0570 £ .0020

Starting with the prediction performance on the test set in Table 4.4, the augmented
shapes generated by the PC-VAE-MSD are added in an incremental fashion to the existing
training set. The ratio r signifies the percentage of generated samples added to the training
data of the regression model, which is increased from 0 to 1 by 0.2.

Both MLPs are trained by adding the augmented data set. The testing is performed
on the held-out test set for 30 runs and reported the mean and standard deviation of
the RMSEs on the test set. This also compared the generalization performance of the
surrogate models on the test set by adding the additional augmented data. When the ratio
r = 0, the regression model is trained only on the original training data, so the RMSE

values in Table 4.5 are similar to the ones in Table 4.4.
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For ratios 0.2 to 0.6, the added samples increased the diversity of the data, which in
general improves the quality of the surrogate models. But for higher » = 0.8 or = 1 ratios,
the added samples shared a high degree of similarity with the existing data, thus adding
redundancies and decreasing the performance of the MLPs. Therefore, from the Table 4.5,
it can be concluded that utilizing the augmented dataset for training the surrogate models
improved the generalization performance of both the MLP-VAE and MLP-AE since the
RMSE values decreased.

Further, to confirm the difference in the RMSE values of each ratio with the RMSE
values at r = 0, a Mann-Whitney test was performed. The results of the statistically
significant analysis are in bold (Table 4.5) (p-values< 0.01). Nevertheless, the experiment
shows that the data augmentation using the PC-VAE has the potential to improve the

quality of surrogate models, which was our objective.

4.2.7 Summary

In this section, the feasibility of the latent representation is evaluated in terms of information
content in the latent variables about structural and functional performance measures of 3D
designs. Two challenges for learning latent space-based surrogate models are addressed in
this research. First, the autoencoder training data neglects any explicit design performance
information. Hence, an initial information theoretic analysis on the latent representations
gives a hint of the capability of these models to learn performance-related information.
Further, it can be concluded that enforcing the autoencoders to learn organized point
clouds increases the amount of information available in the latent space, potentially by
providing an implicit description of global design features.

Second, the regularized latent space of the PC-VAE is utilized for fast design prototyping
for data augmentation. Since imbalanced training data decreases the quality of surrogate
models, the latent distribution learned by the PC-VAE-MSD model is utilized to sample
and generate new realistic designs in sparsely sampled regions of the data set. This
way of performance-based design generation is faster and more intuitive than direct
manipulation of the 3D designs. Lastly, it is shown that within a threshold, the proposed
data~augmentation method improved the accuracy and generalization capability of the

surrogate models for predicting the aerodynamic performances of car shapes.

4.3 Conclusion

The work in this chapter is based on our previously published research [125, 123]. The
objective of these experiments and proposed methods is to improve our understanding of
the information learned by the PC-VAE. For that purpose, the latent space is first analyzed

as a low-dimensional search space for optimization tasks, where a method is proposed to
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provide a "warm start" of the optimization algorithm by exploiting the linear interpolation
in the latent space of a trained PC-VAE. Then, in a second series of experiments, the latent
features of PC-VAE are evaluated from the data compression and encoding perspective,
where information theoretic measures are used to identify the amount of information
content in the latent variables of PC-VAE with respect to structural and functional
properties of the 3D shapes.

The analyses in this chapter address the research questions R(Q)3 and RQ4, which are

answered in the following paragraphs.

RQ 3. How can the data-driven latent space be utilized to generate design solutions that

satisfy multiple criteria?

To build an experience-based CDS framework (Fig. 1.4), it is beneficial to determine
a suitable optimization landscape, which helps in faster search and optimization
of 3D designs. In this context, the trained PC-VAE from the previous chapter
offers a low-dimensional latent manifold, which can be used as a search space for
multi-objective design optimization tasks. Next, to evaluate the suitability of the
latent space as an optimization landscape, a set of real-world inspired multi-objective
optimization tasks has been set up for incorporating user preferences and generating
final design solutions. Two optimization scenarios are considered, where in the first
scenario, the DM aims to look at a range of design solutions from the optimization
task and then select the final solution. While the second scenario, refers mainly to
experienced designers as DM, who have prior design preferences and aim to generate
a solution of interest. For the optimization task in both of these scenarios, the latent

representations are used as decision variables.

Latent space knowledge is exploited to improve the convergence of optimization
algorithms in both the scenarios of the preference-driven optimization tasks. During
the posterior selection of design solutions, a seeding method is proposed to initialize
the optimization algorithm. This provides a faster convergence of the MOEA and
improves the diversity of the generated solutions. Hence, the designers can select
the solution of interest from the generated diverse design set. The second scenario
mainly refers to an experienced designer, who has a design preference prior to the
start of the optimization task. The weighted-sum method (WSM) method is suitable
in this scenario to generate a particular solution of interest based on the designer’s
preference. An adaptive strategy is proposed to decide the optimal weights in
the WSM to generate a final solution of interest with a lesser number of function
evaluations. However, the limitation of the WSM is that this method only works for

convex optimization problems.



74 Exploiting a Generative Model for Guidance in 3D Designs Optimization

RQ 4. Does the latent space of the deep generative models hold relevant information
about the structural or functional properties of 3D designs? Can a surrogate model
be trained on the latent manifold to replace expensive performance simulation or

function evaluations in a design optimization problem?

To reduce expensive performance evaluations in design optimizations, one suitable
approach is to learn faster to evaluate surrogate models for performance predictions.
Further, in the context of the experienced-based CDS framework (Fig. 1.4), training
a surrogate model for performance prediction of 3D designs will allow the designers
to consider multiple performance measures to finalize a design. To build a surrogate
model for performance predictions of 3D designs, the trained PC-(V)AE from the
previous experiments offers a low-dimensional latent manifold, which facilitates faster
search and optimization tasks. Similarly, the latent representations of the PC-(V)AE

are used as input representations for training a surrogate model for this experiment.

The information theoretic measures are utilized to gather hints on the quality of the
regressions before training a surrogate model. Since the autoencoder (PC-AE) and
the variational autoencoder (PC-VAE) generate latent representations similarly, both
the learned latent spaces of these models are evaluated using information theoretic
measures. The PC-AE trained with only reconstruction loss shows higher information
content compared to the PC-VAE, which is trained with both reconstruction loss
and a regularization loss function. Therefore, it can be concluded that even if
the regularization loss function helps to generate a probabilistic continuous latent
manifold for the PC-VAE, it reduces the performance information content in the
latent variables of the PC-VAE. An additional observation is that training both the
networks with the MSD loss function enforces them to learn implicit information
on the global point cloud structure. This increases the information content in the
latent space of both networks (PC-AE-MSD and PC-VAE-MSD).

After the initial evaluation of the latent representation structures with the infor-
mation theoretic analysis, MLP-based surrogate models are trained on the latent
representations of the PC-AE-MSD and PC-VAE-MSD to predict volume and aero-
dynamic drag coefficients of the 3D shapes. The surrogate model trained on the
latent space of PC-AE shows better performance compared to the one trained on
the latent space of PC-VAE. This result is in line with the information theoretic
analysis, which shows the information content in the latent variables of PC-AE is
higher compared to PC-VAE. However, both MLPs performed better in predicting
the volume measure of the input shapes compared to the drag coefficient predictions,
which could be due to the data-limitation and high non-linearity of the aerodynamic

values.
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Lastly, to address the data-limitation of sparse designs while training a surrogate
model, a method is proposed to address the data limitation in a regression task.
The probabilistic latent space of the PC-VAE-MSD is used to generate new realistic
designs from sparsely sampled regions of the data set. A set of additional 3D designs
are sampled from the latent space of the PC-VAE-MSD model, which are added to
the training data of the surrogate model. Samples are selected from the augmented
data set on which the aerodynamic performance measures converge. While adding
these selected samples to the training set of the surrogate models and retraining
the surrogates show improved performance prediction accuracy when there is no
redundancy in the augmented data. This also signifies the generalization capability

of the surrogate models, which improves with the addition of new, diverse data.

Based on the discussions presented in this chapter, it can be concluded that low-
dimensional latent representations of the PC-VAE enable a suitable manifold for training
surrogates and optimization of 3D designs. With multi-objective optimization in the latent
space of the PC-VAE, it is possible to generate diverse solutions between reference shapes.
These shapes provide a wide range of novel solutions, which show gradual change in car
designs. Yet, it is hard to generate a novel car shape that combines features from both
the reference shapes in a controlled fashion. Therefore, in the following chapter, a novel
architecture is proposed, which gives the flexibility to recombine the essence of two designs

to generate a novel design.






Chapter 5

A Novel Learning-based
Representation for 3D
Shape-to-Shape Feature Transfer

In the context of the experience-based design optimization framework (Fig. 1.4), the
research in the previous chapter shows that the latent variables of the PC-VAE are suitable
for generating diverse car designs considering multiple criteria. However, since the latent
variables of PC-(V)AEs are correlated with each other, it is hard to identify which latent
variables represent distinct visual features of a 3D design. For example, car designs in
the automotive domain can be divided into classes, such as convertibles, utility vehicles,
passenger cars, etc. Each of the car design classes posses distinct visual geometric features,
such as the shapes from 3 car classes in Fig. 5.1, shows distinct roof structures. While
the existing PC-VAE can accurately reconstruct the shapes, yet identifying distinct latent
variables that represent unique visual features of 3D shapes from each class are still missing.
Therefore, to learn distinct geometric features of 3D shapes from each class, a novel deep
learning network is proposed in this chapter: Split-AE. The architecture is build upon
PC-(V)AE [77, 61] and is trained to generate two sets of latent variables named as, content
and style, such that each of the disentangled set of latent variables represents different
components of the 3D car designs. Each of these two sets of latent variables is shared
between shapes from multiple classes and across semantic categories. These disentangled
latent variables are beneficial in terms of shape-to-shape feature transfer to generate novel
car shapes by combining the essence of existing shapes from different classes.

Prior research on 3D shape-to-shape feature transfer represented each 3D shape with
two characteristics [126]: Content and style. Content refers to the global structure of
a 3D shape, and style refers to the distinctive parts of the shape that discriminates it
from others with the same content. However, the assumption in this research is that the

content estimates whether the underlying structure of the 3D shape is coherent as a whole
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Utility vehicle Passenger car Convertible

Fig. 5.1 Car shapes from 3 car classes.

and distinguishes across other semantic categories, while the style refers to the localized
regions or distinctive parts of the given 3D shape that allows grouping of shapes into
shape classes. As an example, in Fig. 5.1, sports utility vehicles (SUV) in the utility
vehicle class and sedans in the passenger car class have distinctive shape parts such as
unique roof structures, while the convertible car has a removable roof. Hence, this research
considers style as the distinct shape parts that differentiate between shapes across shape
classes. Further, a 3D shape-to-shape style transfer method is proposed to generate a novel
shape by providing a 3D shape as a style reference. For instance, a style transfer from a
convertible car to an SUV should generate a novel realistic car shape with a removable
roof structure like the convertible car class while having an similar exterior design similar
to other parts of the SUV car.

The rest of the chapter is organized as follows: Section 5.1 provides the background of
deep generative models for learning 3D shapes and disentangling the latent representation
for 3D style transfer. In Section 5.2, the architecture of Split-AE and the pre-processing
steps of the data set are detailed. Also, the experimental setup for generating augmented
shapes by style transfer and qualitative measures to evaluate the effectiveness of style
transfer are described in this section. Section 5.3 describes the experimental settings to train
the Split-AE and other baseline networks. Next, the reconstruction and disentanglement
quality of the Split-AE is analyzed using quantitative and qualitative measures. These
measures analyze whether the content and style features of the trained Split-AE represent
different underlying factors of variations in 3D shapes, which hints at the position of style
features before performing style transfer (Section 5.4). In Section 5.5, the performance of
Split-AE is described with respect to its ability to generate novel augmented shapes by

style transfer. Finally, in Section 5.6, a summary and outlook of the chapter are presented.

5.1 Prior Art

Autoencoders for Content and Style Disentanglement of 3D Representations:
In the context of unsupervised feature extraction of 3D shapes, state-of-the-art geometric
deep learning models such as autoencoders (PC-AEs) [60, 61] and variational autoencoders

(PC-VAESs) [77], learn low-dimensional latent representations of 3D shapes, which allow
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them to alter 3D shapes by modifying the latent variables. The correlated latent variables
of the PC-(V)AE makes it harder for each latent variable to control separate interpretable
aspects of a 3D shape. Prior research on disentangling latent variables proposed to divide
the latent representation of 3D shapes into two factors [126]: content and style. The
authors in [126] directly address the 3D style transfer problem by learning a style-dependent
generative model (3DSNet) for shapes from two classes. Given a pair of 3D shapes as input
to the 3DSNet, the network can directly generate new shapes by transferring style features
between the input shapes, since the network is trained in parallel for reconstruction and
shape translation tasks. However, the content space is shared between shapes across two
classes, but the style latent space is class-dependent, i.e., for shapes from each class, a
separate encoder needs to be trained to generate class-specific style space. Hence, the
prior network still lacks a generalized method that addresses style transfer for multiple
classes. In contrast, the proposed Split-AE addresses the content-style disentanglement for
3D shapes across multiple classes and domains, by assuming two separate latent spaces
[127]: content and style shared between 3D shapes.

Enforcing Disentanglement in Latent Representation: Research on training au-
toencoder based architectures for multiple tasks [128] relies on a combination of geometric
loss and penalties that operate on the latent space to ensure that the space contains the
information we wish to encode. Earlier analysis on types of penalties [129] showed that
the unsupervised disentanglement of the latent space is fundamentally impossible without
minimal supervision or inductive biases on models and data. Hence, some form of implicit
supervision in terms of labels of the input data is necessary to achieve disentangled latent
variables that represent discriminative features of 3D shapes. To enhance the discrimi-
nation of features learned by the latent variables, prior research imposes an additional
classification task in terms of cross-entropy loss to train their networks [130, 131].

In this research, to divide and enforce the latent variables for learning the content and
style of shapes from different domains (having separate semantic meanings) and multiple
classes, two classification tasks are utilized. The first task is to enforce the content space
to learn the underlying shared global representations of 3D geometries and distinguish
shapes across semantic categories or domains. The second task is to enforce the style
space to learn in an unsupervised fashion the distinctive local features of 3D shapes
from each shape class, such that it leads to an efficient disentanglement of class-essential
and class-redundant information [131]. Further, following the idea of this unsupervised
shape-class classification approach to encode distinctive features in style space, helps the

Split-AE to learn shapes from multiple classes which is not possible with prior approaches
[132, 126].
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5.2 Methodology

Given a source shape x; and a target shape x5 as a reference from different classes within
the same domain, the goal is to transfer the distinct features or style of x5 to z1 (z3 — 1),
such that the newly generated shape x5 has style features of the target shape and content
features similar to the source shape. Therefore, in this section, the proposed approach
is described to implicitly learn the separate content and style features of 3D shapes for
performing shape-to-shape style transfer.

Section 5.2.1 describes different shape categories and pre-processing steps for sampling
point cloud data from surfaces of 3D shapes. Next, the architecture of the proposed
Split-AE network is detailed (Section 5.2.2) and the quantitative measures used to evaluate
the performance of the network are presented (Section 5.2.3). Lastly, the experimental
setup is depicted to generate novel shapes by style transfer using the proposed network
(Section 5.2.4).

5.2.1 Pre-Processing of 3D Point Clouds

The shapes are chosen from I number of domains with different semantic meanings. From
each domain, shapes from different classes are considered, such that each class of shapes
has distinct geometric features and also possesses common global features between the
classes within a domain. The total number of classes is referred to as X from K domains.
3D point clouds are sampled from polygonal meshes of X classes from K domains, using
the shrink-wrapping algorithm utilized in [121]. The shrink-wrapping algorithm is used to
sample N points uniformly from the surface of 3D meshes and generate organized point
clouds based on the vertex assignment of the shrink-wrapped mesh. Therefore, each shape
is a 3D point cloud consisting of N points.

The shapes are chosen from two domains (IC = 2), e.g., cars, and airplane domains of
the ShapeNetCore data set[18], which is a large data set of 3D shapes (Fig. 5.2). From
these two domains, shapes from a total of five classes (X = 5) with their respective class
labels C; (i =1, .., X) are considered.

Shapes from three classes in the car domain: SUV, sedan, and convertible, and two
classes from the airplane domain: airliners and propellers are selected. The shapes from
the above classes are chosen, such that shapes from each class have distinct geometric
characteristics that are visually observable, which is referred to as style in this research.

However, the assumptions of content and style for shapes from discrete domains are
different. For example, style for shapes from the three classes of the car domain refers to
distinctive roof structures, and style for the two shape classes in the airplane domain refers
to distinctive wing structures (Fig. 5.2). Therefore, in the next section, the architecture

of the proposed Split-AE is introduced to learn the style of these shapes.
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Convertible

Airliner Propeller

Fig. 5.2 Visualization of one shape from each of the 5 classes from the car and airplane domains. The
scale shows distinct colors to represent class labels C; (i = 1,..,5). Each shape is color-coded based on
their class label.

5.2.2 Split-AE Architecture
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Fig. 5.3 Split-AE architecture and data flow for training the network.

The Split-AE architecture consists of two encoders (E. and Ej) for mapping input
shapes to two latent space branches: the content (Z.) and style (Z;) space (Fig. 5.3).
Both encoder networks follow the architecture proposed in [61] with five 1D convolutional
layers. The first four layers are activated with the rectified linear unit (ReLU) and the last
layer with a hyperbolic tangent function. After the fifth convolution layer, a max-pooling
operator reduces the dimensionality of the input shape to two L,-dimensional vectors:

Content vector z, and style vector Z;,. Next, these two latent vectors, z,. and Z;, are given
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as input to two multi-layer perceptrons (MLPs): MLP-1 and MLP-2, respectively. In
the first content space Z. branch, the MLP-1 classifies the input shape into one of the K
domain categories. The architecture of the MLP-1 consists of two layers, where the first
layer with 10 hidden neurons is activated with ReLLU, and the last layer with K hidden
neurons is activated with a soft-max function. The index of the selected domain of the
input shape corresponds to the index of the neuron with maximum soft-max activation.

In the second style space Z, branch, the MLP-2 classifies the input shape into one of
the X number of classes. The architecture of the MLP-2 is similar to the MLP-1 in the
first branch. But in the output layer of the MLP-2, there are X number of neurons based
on the total number of shape classes, and the index of the selected class corresponds to
the index of the neuron with maximum softmax activation. Next, the 2 vectors Z. and z;
are padded to form a 2 % L, dimensional vector Z, which is given as input to the decoder
(D). The decoder comprises three fully connected layers, with only the first two layers
activated by ReLU.

Loss Functions: The loss function (£) for training the Split-AE architecture (Fig. 5.3)

consists of 3 terms as follows:

L= Lrccon +aLpc+ BLsc

1 X 2
Erecon = MSD(xinaxo) = N Z Hxin,j - $O,j||2
j=1

c (5.1)
Lpc = —di(zm)log(py(zin)), K =2
k=1

X
Lsc = ZleSD(xm,xpl), X =5
(=
The first term computes the reconstruction error (L, econ) between the input point cloud
(x; ;) and output reconstructed point cloud (z,,;), with N number of points in each point-
cloud. Since the network is trained on organized point clouds, i.e., the point-correspondence
between the point clouds is known, it allows the utilization of a simple loss function, here:
mean-square distance (MSD) [121, 123].

The second term (Lpc) in Eq. 5.1 obtains a partition between shapes from K different
domains in the content space Z,. using cross-entropy loss (Eq. 5.1), where each input point
cloud (x;) has a ground truth domain label dj, vector. The domain prediction probability
vector of the input shape (z;) is given by p;.

The third term (Lg¢) in the loss function in (Eq. 5.1) tries to obtain class-wise
partitions of the data into X number of classes by computing a weighted average of the

MSD between the X chosen prototypes, one from each class and the input shape. Each
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prototype defines the most representative 3D point cloud shape from each class, which
is selected by calculating the mean point cloud of shapes from each class. In Fig. 5.3,
the selected prototypes zp, (i =1,..,X) are shown for X classes, considering X = 5. The
weight for each prototype is defined by the corresponding probability output p; (i = 1,..,5)
of the MLP-2 classifier. Thus, the third term is minimized when the MLP-2 yields the
highest selection probability p; to the prototype with the lowest MSD value (the highest
similarity). The shape-classifier tries to obtain a class-wise partition of the data in the
style space Z;.

All terms of the loss function (Eq. 5.1) differ by several orders of magnitude. To balance
these differences, two hyper-parameters v and [ are introduced to scale the classification

losses, respectively.

5.2.3 Metrics for Evaluating the Trained Split-AE

For comparing the performance of the trained Split-AE with the baseline models, two
quantitative metrics are considered for estimating the reconstruction capability and style-
class classification accuracy of the three latent spaces with respect to the shapes in the

unseen test set.

Reconstruction Error: The Chamfer distance (CD) [60] is utilized to calculate the

reconstruction error between the input and the generated output point clouds.

Style Class Classification Accuracy: Three random forest-based multi-class classifi-
cation models are trained to map the latent representations (Z., Z; and 2) of the training
set to their respective class labels C; (i = 1,..,5). The goal of the classification is to take
any latent representation of the test set samples as input and assign it to any one of the
X style classes and measure the prediction accuracy of the classifier. This enables us to
check for disentanglement of latent variables based on style classes.

Further, for qualitative evaluation of the features learned by the two latent spaces, the
feature visualization approach [133] is utilized for visual inspections of regions of the input

space mapped by the latent variables.

5.2.4 Augmented Shape Generation by Style Transfer

The trained Split-AE generates a latent vector z; for each input shape x;, where each
Z; consists of two parts: Content Z., and style Z;, code. Given two shapes, one source
shape z1 from the & class and another target shape x5 from the X, class within the same
domain, the aim is to evaluate the effectiveness of the style transfer from shape xo — 7.
Both of the source and target shapes are represented with content and style codes, such

as, Zsl, 501 <$1 ~ 21 = (ch, 251)) and ZSQ, 502 (132 ~ 52 = (2027 532)), respectively.



84 A Novel Learning-based Representation for 3D Shape-to-Shape Feature Transfer

Our goal of transferring the style code Zy, from xo — x; results in generating an
augmented shape 12 (Z12 = (Zu1, Zs2)), such that x5 is perceptually more similar to the
target xo than the source z;. Specifically, the augmented shape x5 should possess distinct
traits of shape x5 such that it belongs to the target car class Xb.

Therefore, to evaluate the success of style transfer between source-target pairs of each
domain, firstly, the distance similarity of the generated shapes with the sour-target pair is
measured and secondly, the classification accuracy of how many generated shapes belong
to their target shape class using the pre-trained multi-class classifier (Section. 5.2.3) is

calculated.

5.3 Network Training

5.3.1 Data Set

The selected data set comprises 1500 shapes out of 3500 shapes in the car domain consisting
of shapes from three car classes and 1100 shapes out of 4045 airliner shapes consisting
of shapes from airliner and propeller classes from the ShapeNetCore data set [18]. Each
shape consists of N points, here: N = 24578. In total, 2600 point cloud shapes are
considered in the data set and the coordinates of each point cloud were normalized to the
range [0.1,0.9], preserving the aspect ratio of the shapes. For training the network, the

considered data set is split into a 90% training set and 10% test set.

5.3.2 Training the Split-AE

The network in Fig. 5.3 is trained with a 5D latent vector (L, = 5) for each content and
style code using the Adam optimizer [76] with a learning rate n = 5E-04. The dimension
of L, is set to 5, after analyzing the trade-off between L, dimension between 2 to 10 and
reconstruction accuracy on the test set. Further, since the objective is to keep the number
of latent variables low for visual verification. Therefore, for this experiment the dimension
of L, is fixed to 5. The training data was organized into batches of 50 shapes and the
network was trained for 700 epochs.

The hyper-parameters « and 3 in the loss function (Eq. 5.1) are set to a = 0.03 and
£ = 0.1, such that the trade-off between two loss functions resulted in an acceptable
reconstruction accuracy and provided equal importance between the two classification loss
functions. For hyper-parameter tuning, a 20% of the training set is used as the validation
set in the initial run. After the parameters are finalized, the shapes in the validation set

are added back to the training set.
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5.3.3 Training Baseline Models

To compare the performance of Split-AE with existing models, two baseline models are
selected. As a first baseline model, PC-AE [134] is selected, since the encoder-decoder
architecture of this network is utilized in the Split-AE. The PC-AE network was trained
utilizing mean square distance (MSD) as a reconstruction loss function. As a second
baseline model, a PC-AE-classifier is considered, where the similar PC-AE network is
trained with an additional cross-entropy classification loss function to discriminate all
classes equally. Both networks are trained with a 10D latent vector using the Adam
optimizer and with a learning rate of n = 5E-04 for 700 epochs.

Regarding the hardware set-up, all networks are trained on a machine with two CPUs
Intel®Xeon®Silver, clocked at 2.10 GHz, and with two GPUs NVidia®GeForce®RTX 8000

with 48GB each. In all cases, the networks were trained on a single GPU.

5.4 Shape-Generation and Feature Analysis

The performances of the networks are compared based on two criteria: reconstruction
quality and style-class classification performance on the test set using the quantitative

metrics from Section 5.2.3.

Reconstruction Capability of Models: The reconstruction losses are calculated
between the reconstructed output point clouds and their corresponding input point clouds
in the training and test sets using Chamfer distance (CD) (Table 5.1).

For a 95% confidence interval, Split-AE achieved lower reconstruction errors (low CD),
which are better than the errors of the PC-AE and PC-AE-classifier. The reconstruction
quality of Split-AE is closer to the PC-AE-classifier, which indicates that training a network
with a classification loss improves the quality of the reconstructed shapes. However, the
run-time of Split-AE is much higher compared to other models, and this is due to the

extended architecture and multitask loss functions that are used for training the Split-AE.

Table 5.1 Reconstruction performance of the models. Best models with less training set error (C'Dyrqin),
test set error (C'Dyest) and low run-time are marked in bold.

Split-AE PC-AE PC-AE-Classifier

CDyain (7.54+.77)E-05 (9.70+.12)E-05 (8.69+.41)E-05
CDyy  (8.00+.31)E-05 (10.0+.20)E-05 (8.94+.50)E-05

4hrs 50mins 1hr 40mins 2hrs 54mins
20secs 20secs 32 secs

Run-time
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Style Class Classification Accuracy based on Latent Representation: Since the
Split-AE network is designed to enforce latent variables to learn distinct visual geometric
features of each class of 3D shapes, a classification accuracy is measured on the latent space
of this network to analyze the disentanglement of the style features in the latent space
of the models. The classification accuracy of the trained multi-class classifier (Section
5.2.3) is measured based on its ability to predict the class labels of the test samples from
their latent representations (Table 5.2). Both the baseline models learn content and style
features of 3D shapes in a common latent space (Z). Therefore, the style class classification
accuracy of the two baseline models is calculated based on the latent space Z opposed to
Split-AE, where we calculated classification accuracy based on content (Z.), style (Z5) and
combined space (7). Higher accuracy relates to the model’s ability to generate distinctly
separable latent representations of the test samples based on style classes.

Table 5.2 Style class classification accuracy of the models. Models with high classification accuracy are
marked in bold.

Split-AE PC-AE PC-AE-classifier

Content
space (Z.) 0.9534.004 - -
Style
space (Z,) 0.972+.006 - -
Combined
0.979+.003 0.935£.005 0.977+ .004
space (Z)

In the Table 5.2, the 5D style space in Split-AE shows higher accuracy compared to
the 5D content space. These results stress the effectiveness of our disentangling approach,
as the style space holds higher class-specific information in comparison to the content
space, even though the style space in Split-AE learns class labels based on shape similarity.
Further, in the combined latent space of Split-AE, classification accuracy improved, and
became similar to the PC-AE-classifier, signifying models trained with classification loss
generated better disentangled latent representations based on style classes. In the next set
of experiments, an intuitive interpretation of the features learned by the content and style
variables of the Split-AE is provided for representing the underlying factors of variations

in 3D shapes.

5.4.1 Disentangled shape features learned by Split-AE

Content and Style Variables: For qualitative analysis of the learned features and
better understanding of the complex model architectures, the feature visualization approach
[133] is utilized for projecting learned network features into human-comprehensible space,
i.e., in the 3D input space. To verify the relation between latent variables and the point

distributions of a 3D shape in the input space, the activation values of the last convolutional
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layer of both encoders (E. and Ej) are projected onto an input point cloud. Fig. 5.4, shows
the visualization of features learned by content (z.,l = 1...,5) and style (z5,,{ = 1,..,5)
variables of the trained Split-AE on an SUV car shape.

Zs

—-1.00 —0.50

3

Fig. 5.4 Feature visualization method applied to a point cloud representation of an SUV car shape obtained
using Split-AE with 5D content and 5D style spaces. The scale shows the activation values of the visualized
features.

By analyzing the visualizations across multiple input shapes, the observation is that the
highlighted color for each feature maps to a similar region in the input space rather than
similar geometric characteristics of the input shapes [133]. Also, the regions of activation
in the input space are different for style z,, and content variables z.,, where z., mapped
to wider regions in the input space compared to z,,, which focused on distinct smaller
regions in the input space with higher activation values. Hence, the experiment shows
that features learned by the style latent variables map to distinctive localized regions in

the input space to ensure separability between classes.

Linear Combination of Features: As a second test to verify that content variables
hinder learning distinct traits specific to the shapes of each car class, a mean representation
z,, is generated by estimating a mean content Z,, and style code Z;, of the car shapes from
the training set, such as x,, ~ 2, = (2, Zs,). Next, three distinct shapes (z1, xo and 3)
are considered from 3 car classes and combined the content codes of these shapes with the
mean style code Zj, of the shape z, (Fig. 5.5). The assumption is that the 3 generated
shapes would potentially represent shapes similar to the mean shape z,. Hence, these 3
generated shapes cannot be classified into their 3 respective car classes, since the distinct
content codes learn an overall global representation of 3D shapes.

In Fig. 5.5, selected shapes from each car class are represented by content and style
codes Z,; and Zy; (x; ~ Z; = (2, Zs;),7 = 1,2,3). The augmented shapes are generated

(%1, T, and x3,) by combining distinct content codes (Z.1, Ze2 and Z3) with the mean
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Fig. 5.5 First row: x1,, 72, and x3, shapes generated by combining content code of z1, o and x3 with the
style code of x,,, respectively. Second row: x,1,x,2 and x,3 shapes generated by combining the content
code of z,, with style code of x1, x2 and x3, respectively.

style code Z, such as 21, ~ 21, = (Z1, Zsu). As observed (Fig. 5.5), the generated shapes
T1,, Ty, and xg, are similar to each other without having distinctive shape parts (roof
structures similar in all 3 shapes). Therefore, it signifies that content variables do not
learn distinct features to differentiate shapes across shape categories.

Alternatively, combining the mean content code Zz;,, of the shape z, with distinct style
codes of shapes from 3 car classes should generate shapes that can be classified into their
respective car classes, since style learns localized traits distinct to each car classes. Each
of the generated shapes (x,;,7 = 1,2, 3) represents a shape from a different car class, as
observed in Fig. 5.5 by visual inspection. The generated augmented shape z,; represents
an SUV car design like z;. Likewise, the generated shape z,, resembles a sedan shape
(x2) and x,3 resembles a convertible shape (x3).

Therefore, the style code learns localized distinctive shape parts that differentiate a
shape from others with the same content and can describe shapes in more detail. While
the content code learns a global representation of the 3D shape without specific details. In
the next set of experiments, Split-AE is utilized as a shape generative model for generating

new augmented shapes by style transfers.
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5.5 Novel Shape Generations by Style Transfer

In this experiment, Split-AE is utilized to generate new augmented shapes by providing

different 3D shapes for style reference (Section 5.2.4).

Augmented Shape Generation and Validation: 3D shape-to-shape style transfer
is performed between shapes within a domain. The assumption was that the augmented
shape should possess the distinct shape part of the target reference shape class from where
it adapted the style code. Fig. 5.6 shows examples of augmented shapes generated by

style transfer between source and target shapes in the car and airplane domains.

Car domain Airplane domain
L3

L1 )

Style transfer from z; — x;

12 X12

A} = Ly(x1,212) Ay = Lo(za,212) A3 = Lo(x3,234) Ay = Lo(z4,34)

Style transfer from z; — x5 ‘ Style transfer from x3 — x4

L21 L21 L43 L43

A = Ly(z1,221) A, = Lo(x2,x21) Ay = Lo(x3, x43) Ay = Lo(24,243)
0.00 0.25 0.50 0.75 1.00
[ —— |
Lo norm

Fig. 5.6 In car and airplane domains, we illustrate style transfer results for pairs x; <> x5 and z3 <> 4,
respectively. Each point of the generated point cloud shapes (12, 221, 234 and x43) is color coded based
on the Euclidean (Ls) distance vector (A;,7 =1,..,4) written below each generated shape.

In the car domain (Fig. 5.6), an SUV (z;) and a convertible (x2) are selected as a
source-target pair. The augmented shapes x15 and x9; are generated by style transfer from
xr9 — w1 and x1 — T, respectively. The roof structures of the two generated shapes (12
and x91) change according to the reference shape class from where it adapted the style

codes, i.e., for x15 the roof structure is like x5 and for zo; like 7.
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Further, for qualitative analysis of the structural similarity between the generated
shape x15 to x; and x9, two normalized Euclidean (L) distance vectors (51 and 52) are
calculated between each point in the generated point cloud shape x5 with x; and x,. Fig.
5.6 shows two samples of the generated shapes 15 with projected A, and A, as color
maps onto the two 3D point cloud representations of x5, respectively. The generated
shape x15 color coded with 51 shows the largest differences (high normalized Lo values) in
the roof region with respect to x; and higher similarity (low normalized L, values) in the
frontal and lower region with x; from where it adapted the content code. Analogously, for
the generated shape x5 color-coded with 52, the roof structure is similar (low normalized
Lo values) to the target shape zy. Alternatively, the augmented shape xq; generated by
style transfer from x; — x5 shows the roof structure like x; and the bottom region of the
car shape similar to x5. These results signify that style transfers between source-target
pairs generate new shapes with modified shape parts.

Likewise, in the airplane domain (Fig. 5.6), style transfers between an airliner (x3)
and a propeller (z4) shape pair generated shapes x3, and z43. Different from the style
transfer in the car domain, each of the generated augmented shape (x34 or x43) in the
airplane domain changes the wing structures according to the reference shape from where
it adapted the style code, i.e., the wings of the generated shape x3, changes according to

the propeller shape x4. Thus, Split-AE correctly identifies distinctive styles in different

domains.
Target style code changes
Source shape xl‘ i) I3
x1 Z1 T12 T13 T14 T15 g

Z2

content code changes

SUV Sedan Convertible

Fig. 5.7 Visualization of reconstructions of 25 augmented car shapes generated by style transfer from
target to source shapes. The content code is fixed in each row while the style code varies. Similarly,
the style code is fixed in each column while the content code varies. Each of the generated shapes is
color-coded based on the predicted class label.
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Additionally, to confirm our observations in Fig. 5.6 that each style transfer generates
a novel augmented shape which has mixed shape parts from both source-target shapes,
the performance of style transfers for additional augmented shapes from each domain
is analyzed. 500 new augmented car shapes and 500 airplane shapes are generated by
randomly selecting 500 source-target pairs from the car and airplane shapes in the data
set, respectively. For qualitative visual inspection, 25 out of 500 augmented car shapes
are shown in Fig. 5.7, where the target shape alters in each column and the source shape
changes row-wise. Thus, the horizontal axis indicates traversing of style and the vertical
axis shows the change of content; i.e., shapes in each row have fixed content with changing
style codes. To verify the distinct shape parts similarity of the augmented shapes with the
target shape class, the trained multi-class classifier is used to predict the class label of
each augmented shape from its latent representation z'and color-coded each shape based
on the predicted class label (Section 5.2.3).

In the first row of Fig. 5.7, the augmented shapes (z;,j = 1,..,5) are generated by
combining the content code of an SUV shape z; with style codes of shapes from different
car classes. The roof structure of the augmented shapes in the first-row (zy;,7 =1, ..,5)
are significantly different in Fig. 5.7. However, these shapes preserve similarity in the
lower-body and frontal design with the source shape z;. Likewise, the augmented shapes
(zj1,7 = 1,..,5) in the first column hold distinct shape parts (roof structure) of the
SUV class, but the frontal and lower-body design changes in each row according to each
row-based source shape. Also, for each augmented shape in Fig. 5.6, the prediction of
the class label using the trained multi-class classifier shows that the style of each target
shape dominated the class allocation of each augmented shape. Hence, column-wise, each
generated shape has a similar prediction label (same color) that matches the target shape
label in that column.

In addition, the class labels of 500 shapes are predicted using the trained multi-class
classifier and accuracy is measured based on the class label prediction of augmented
shapes and their respective target shape class. Style transfer in both domains shows
a high accuracy of 0.91 for 500 generated car shapes and 0.82 for 500 airplane shapes,
indicating the success of our style transfer approach. Therefore, Split-AE provides the
flexibility to combine features between two shapes with its disentangled latent spaces.
Moreover, Split-AE excels in part-based modification by replacing distinct shape parts,
while accurately maintaining the underlying structure for generating novel realistic 3D
shapes. This helps to generate novel shapes which are modified versions of the existing

designs.

Latent Space Exploration: As a second experiment to evaluate the goodness of learned
disentangled variables, a latent space-based interpolation is performed both in the content

and style space. Fig. 5.8 shows the uniform distance interpolations of the content and
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style codes from a source shape (SUV) to a target shape (convertible). Since the Split-AE
network was trained to generate an organized point cloud like that of the input shapes, the
similarity is measured between each interpolated shape with the target shape to illustrate

the change in each 3D shape by interpolation of the latent variables.

Source Content interpolation Target
content

content >

Source
shape
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style

Style interpolation

0.00 0.25 0.50 0.75 1.00
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Fig. 5.8 Interpolation in the content and style spaces learned by Split-AE from a source to a target shape.
In the first row, we generate shapes by uniformly interpolating between source content and target content,
keeping the source style. In the second row, we generate shapes by uniformly interpolating between source
style and target style, keeping the source content constant.

The shapes produced with the interpolated contents in the content space keeping the
source-style code fixed (Fig. 5.8), show the frontal and lower region of the exterior design
of the car shapes gradually becoming similar to the target shape (low normalized Lo
distances). Alternatively, shapes produced by interpolating style from the source to the
target shape keeping the content of the source shape fixed, show a gradual change in the
roof designs to make the roof design of the interpolated shapes similar to the convertible
(low normalized Lo distances). This shows the credibility of two separate content and style

spaces for design exploration.

5.6 Conclusion

In this chapter, one of the challenges of controlling interpretable aspects of 3D shapes with
the latent variables of autoencoders is addressed. As a solution, a novel deep-generative
model is proposed, named as Split-AE. The proposed network helps to disentangle 3D
representations into content and style features involving minimal supervision. Based on
a set of experiments using quantitative and qualitative measures, Split-AE achieves an
effective disentanglement of content and style space that represent various aspects of
3D shapes. The proposed architecture can perform 3D shape-to-shape feature transfer

between shapes across multiple classes within a domain. Further, this architecture is
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easily extendable to learn content and style codes for shapes across multiple classes
and domains, which allows generating augmented shapes using style transfer in different
domains. However, the main technical limitation of this work is that the style features
considered here resemble localized regions of 3D shapes. A future analysis could consider
more global style features, which will help to understand the style of cars from distinct
brands.

The work in this chapter is based on a published work that was conducted by the
author [135]. Also, based on the discussion in this chapter, the following answer is proposed
for RQ5.

RQ 5. How can the design features learned by a deep generative model represent different
interpretable aspects of 3D designs? How can we transfer the unique parts or design
features of a 3D shape to another shape, such that the recombination of design

features from two distinctive shapes generates a novel shape combining the essence
of both 3D designs?

In the context of the experience-based design optimization framework (Fig. 1.4),
transferring unique design features of one shape to another is a useful for generating
novel design variations. Based on prior research in this thesis, the latent variables
of the PC-(V)AE are favorable for low-dimensional representation of 3D designs.
However, the relation of the latent variables with different interpretable features of

3D designs are less explored.

To address this challenge, Split-AE is proposed, which is built on the architecture
of the PC-(V)AE. The proposed method learns the 3D shapes in an unsupervised
fashion and generates two sets of latent variables named as content and style. Each
of the content and style latent space is shared between shapes from multiple classes
and across semantic categories. Through quantitative and qualitative evaluations, it
is shown that the style variables map to distinctive localized regions in the input
space to ensure separability between shapes from different classes. While the content
variables learn an overall global representation of the 3D shapes, without learning

distinctive traits specific to the shapes of each class.

Next, to generate augmented shapes that combine the essence of two different 3D
shapes, the style latent variables of a target shape are transferred to a source shape.
This recombination of the style code of the target shape and the content code of the
source shape in the latent manifold, results in generating a novel realistic 3D shape.
This newly generated shape is a combination of the essence of two existing designs.
Therefore, the proposed method, involving minimum supervision to disentangle 3D
representations, helps to generate novel shapes that are modified versions of the

existing designs.
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Based on the discussion presented in this chapter, the PC-VAE enables the generation of
disentangled latent variables, that is efficient for feature transfer between 3D designs. Yet,
one practical aspect that still hinders the use of PC-VAE in engineering design guidance
applications, is that the latent manifold is still unknown to novice users. Therefore, in
the following chapter, an interactive framework is proposed to solve an engineering design
problem and provide target-oriented guidance to novice designers for latent space-based

design explorations.



Chapter 6

An Interactive and Collaborative 3D

Automotive Design Framework

To achieve the envisioned experience-based design optimization framework, the research in
the previous chapters addresses the two main components of Fig. 1.4: The first step refers
to developing a data-driven deep learning model that helps in generating low-dimensional
latent manifold of 3D designs and evaluating the model’s capability for generating novel
realistic car designs. The second step focuses on analyzing the latent manifold for several
tasks, such as generating 3D designs satisfying multi-criteria [125], building surrogate
models for faster performance predictions of 3D designs [123] and unique feature transfer
between 3D designs [135]. The research in this chapter, combines the findings from prior
chapters to develop an interactive cooperative design system (CDS) framework. The aim
is to demonstrate the usability of the framework in a real-world inspired optimization
scenario, where the designer can interact with the proposed framework. The framework
should provide guidance or suggest potential design alternatives, giving the designer the
freedom to rethink and adapt promising design directions.

In the early concept ideation phase, this type of framework would be beneficial for
designers or engineers, which they could use as an additional tool for 3D design explorations.
Mostly, a designer starts either from scratch or an initial design or may choose some
alternative methods to modify an initial design to match his/her targets. Such a target
may be either given implicitly, e.g., based on aesthetic considerations, or explicitly, e.g.,
based on functional or structural requirements. A designer using a sketch-based approach
to outline a target design, does not need any explicit parametrization. However, a designer
using 3D tools utilizes a shape parametrization method that represents 3D geometries with
a series of design variables and helps the designer in performing 3D design modifications.
Often, the designer uses the shape parameterization parameters to modify 3D designs
based on whatever is easiest, not based on what leads to a better decision. Hence, deciding

the target-oriented modification steps is still challenging for a novice designer in automotive
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optimization tasks. To support the designer with our proposed CDS, we imagine the
CDS as a data-driven model that learns the notion of experience from past engineering
optimization data and provides collaborative assistance during current automotive design
optimization.

Engineering experience from prior optimizations can be represented using two-types of
data: The first method represents the experience embedded in engineering data and the
second method represents the human-experience, which resembles the engineer’s approach
of performing past design optimizations. Based on these two types of data, we envision
two types of CDS: The first framework to model the experience that is embedded in the
historical or benchmark 3D CAE data, which is majorly addressed in the research of
this dissertation. The proposed PC-VAE [77] (Fig.3.1) trained on CAE models, generate
latent representations of CAE models, which are used as a low-dimensional search space
for 3D designs. An interactive framework is introduced using the latent variables of the
PC-VAE to allow the designers/engineers to explore 3D designs with attributes according
to their preference. The second framework focuses on the perception of human experience
of performing past design optimization tasks, which is harder to capture. A preliminary
study is done to capture the engineers’ approach of 3D shape manipulation in a design
optimization task, which results in a large data set of sequence data. Learning the existing
3D design manipulation sequences using deep learning models like recurrent neural network
(RNN), long short-term memory (LSTM) and gated recurrent unit (GRU) facilitates the
prediction of future design steps from the modification currently applied. Therefore, the
objective of this research is to exploit these two categories of experience data using deep
learning models to generate real-time feedback on the current design and collaboratively
guide the designer through the design process.

The remainder of this chapter is outlined as follows: First, in Section 6.1, the existing
design assistance frameworks are reviewed to decide the type of assistance that would
be beneficial for an automotive designer. Section 6.2 demonstrates a real-world-inspired
automotive design optimization task, which is used as a case study to demonstrate the
application of the proposed frameworks. The next Section 6.3 introduces the 3D data-
driven interactive framework, which is utilized to provide guidance to the designer while
performing the design optimization task. Section 6.4, describes the second framework
that focuses on learning the human-notion of experience, i.e., learning from prior shape
manipulation data using an LSTM. The trained LSTM is then utilized for supporting the
similar automotive design optimization task, where this framework predicts the future
design steps from the modification currently applied. Finally, the chapter is concluded in

Section 6.5 with a summary and outlook.
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6.1 Prior 3D Design Assistance Systems

Recent advances in artificial intelligence (AI) aim to collect and use existing digital design
and simulation data from past development cycles for the application of machine learning
techniques and data analytics. In the context of 2D design, two systems have been
proposed, namely SketchRNN [13] and ShadowDraw [12], which provide real-time guidance
to human users while drawing online. Both models use a deep generative network and
are trained on a database of drawing sequences by human users. During interaction for
sketching, both networks propose potential design directions for the next drawing steps.
However, the sketches generated by these models are far away from anything resembling
an industrial design tool.

In the context of automotive digital development, designers rely on sketching for a first
ideation and use existing tools such as, CAD/E, CATIA or Alias to accelerate various
tasks, particularly through virtual prototyping. These tools enrich the design process by
providing a means to alter shapes and create novel variations of the 3D designs. Designers
and engineers use these tools to generate prototypes that match their requirements and
estimate the technical performance of the 3D designs. Prior research on developing a
design support system [136, 137] attempted to bridge the gap between the needs of an
engineer and what is currently available on a CAD system. Nevertheless, there is still an
existing gap which CAD systems don’t address. For example, to generate novel prototypes
or improve existing prototypes, it would be beneficial to provide guidance to the designer
about structural or functional information of 3D designs while exploring the design space.
Yet accurate performance simulation of 3D designs still requires excessive computational
effort. This makes it a challenging task for the designer to consider multiple performance
measures during the design ideation phase. Umetani [138] proposed a system using a deep
learning model for faster modification of 3D digital vehicles. However, it lacks explicit
assistance for user guidance. Therefore, to address the challenge of faster and informed
3D shape manipulation based on technical design quality indications and to support the
designer in the creative thinking process, an interactive framework for automotive design
exploration is required.

Ideally, 3D designs are parameterized with a series of design variables that help
faster design modifications and generations. One popular traditional method of shape
parameterization involves free-form deformation (FFD) [10] that helps to modify 3D
designs with a higher degree of flexibility and a small number of parameters, named
as control points. FFD decouples design complexity from parameterization. However,
the number of control points scales with the details of design variations. Therefore, low
dimensional detailed modifications of complex geometries either need experienced engineers

or high dimensional parameterization. Either engineers or designers use FFD parameters
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for shape modifications or perform design optimization with these parameters, which
results in potentially large data sets of control point manipulations.

Alternatively, based on the reviewed methods in the earlier chapters, latent variables of
the PC-(V)AEs are a suitable approach for shape parametrization that helps to modify 3D
designs [77], combine geometric features between 3D shapes [135] and support performance
prediction of 3D designs [125]. These PC-(V)AEs trained on design representations of
CAE models can potentially learn enough information in the latent variables, so that these
variables are applicable as control parameters for an interactive framework. With the
increase in detail of the possible design modifications, the dimension of the latent variables
needs to be increased. However, the advantage of this approach is the automatic learning
of experience from engineering data and does not depend on the engineers’ expertise
for the scalability of this approach. Therefore, based on the objective of this chapter
to model the data-driven and human-driven experiences, two assistance frameworks are
set up. First, to build an interactive framework trained on 3D engineering data, the
proposed PC-VAE is used to learn from 3D geometries data and produce a data-driven
latent manifold for interactive search and guidance for 3D design generation. The second
approach aims to learn from a designer’s experience of performing past optimization tasks
and provide real-time guidance to the designer. To capture the designer’s experience of
performing an engineering optimization task, we use the FFD and track the control point
movements in a given shape manipulation task, which helps to generate a large dataset of
sequential recording of control points. Next, we demonstrate the feasibility of recurrent
neural networks for learning successful design sequences in order to predict promising
next design steps in future design tasks, which is similar in line with the ideal engineering

system suggested by [137].

6.2 Design Optimization Scenario

To demonstrate the application of a design assistance system, a real-world inspired design
optimization task is set up. An optimal way of defining an optimization target is to select
a design with minimal distance to the design that the designer wants to achieve. Thus,
the optimization task for this set of experiments involves modifying an initial shape to
match a target shape that represents the designer’s target.

In this set of experiments, a shape representing an initial design (z;,) and two different
shapes resembling two targets (x71 and zr9) are selected (Fig. 6.1). The initial design
corresponds to the shape in the dataset that represents the mean 3D point cloud, which is
obtained by averaging the point cloud coordinates of all samples in the data set.

For the given optimization task, we developed two assistance systems based on the

two types of experience data (Fig. 6.2). The first framework follows the 3D data-driven
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Fig. 6.1 Two optimization task to modify x;, — =71 and z;, — T1s.

approach, which shows how to modify the initial design to the target design based on the
latent space of the PC-VAE. The second method aims to capture the designers’ approach
of performing the similar past optimization task using FFD, which eventually results in
a large dataset of sequences. An LSTM trained on the past design sequences is used to
guide the designer in the current design task by predicting the next design step to achieve
the target shape.

Initial design Methods for shape parameterization Target shapes
and assistance generations

PC-VAE aroliteY
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Fig. 6.2 Schematic overview of the two assistance approaches for the design optimization tasks.

6.3 3D Data-driven Design Assistance

Preliminary steps for building the first assistance framework using PC-VAE are described in
this section. A trained PC-VAE is integrated into a graphical user interface (GUI) and the
workflow of the interactive framework is introduced (Section 6.3.1). Next, a demonstration
of the interactive framework is given for providing assistance in the considered optimization
scenario (Section 6.3.2), along with real-time performance prediction of the current design
(Section 6.3.3).

Experimental Setup

The data used in this set of experiments includes 3D point cloud samples from the car
class of the ShapeNetCore repository [18]. The PC-VAE is trained with a latent dimension
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of L, =5 and a mean-square distance as the reconstruction loss function (Section 4.2.2).
To show the application of the proposed framework, the learned latent variables are
used as interactive elements for modifying 3D designs. Additionally, for providing faster
information about the performance measures of 3D designs, the surrogate model from

prior research (Sec. 4.2.5) is integrated with this framework (Fig. 6.3).

1. Training PC-VAE 2. Training surrogate model
on latent variables
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Fig. 6.3 Pre-processing steps and workflow for training the PC-VAE and MLP.

6.3.1 Interactive Framework

A graphical user interface (GUI) has been implemented using python and pyvista (Fig.
6.4), where each slider modifies one of the 5 latent variables. The GUI loads the initial
design (x;,) in the form of a 3D point cloud representation, with the current position of
the sliders representing the latent variables of x;,. Interacting with the sliders updates the
new values of the latent variables, and the PC-VAE decoder automatically calculates and
displays the updated 3D point cloud based on the modified 5 latent parameters.

To analyze the range of the distributions of the latent variables, a box plot of the latent
variables (z;,7 = 1,2,..5) from the data set is shown (Fig. 6.5a). The lower (z;,,i = 1,2,..5)
and upper limit (z,,,7 = 1,2,..5) of each latent variable represents the lower and upper
limits (min and max values) of the sliders in the GUIL. The range of the distribution of the
latent variables has values of different magnitudes, which is due to the latent values being
generated by sampling from the latent distribution of the PC-VAE.

Further, to analyze the impact of each latent variable modification on the generated
shape, a sensitivity analysis is performed to determine the regions of the shapes managed
by each latent variable z;. For calculating the sensitivity of each latent variable associated
with different regions of the input shape, a total of 30-point clouds are sampled from
the training dataset. The total sensitivity of the displacement of each point of 30-point

clouds is estimated to determine the association with each latent variable z;. For these
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Fig. 6.4 Schematic overview of the interactive framework.

sensitivities calculations, the Sobol method with Satelli’s sampling [139] is used, where
samples are generated as 30(L, + 2) variations in a range of £30% of each latent variable,
considering L, = 5. The Sobol measures the sensitivity values of each point in the point
cloud representation associated with each latent variable (z;). The sensitivities obtained
from the 5 latent variables are projected onto a 3D point cloud selected (Fig. 6.5b), which
show that each of the latent variables z; is associated with changes in larger or different
regions in the output point cloud. However, the impact of change on the design topology
of the output point cloud is different for each latent variable z;, e.g., the sensitivity of
displacement concerning z5 is higher compared to the other latent variables. The sensitivity

analysis is presented to the user when the user starts the GUI interface.
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Fig. 6.5 a) Distribution of latent variables of the training set shapes. b) Visualization of the displacement
sensitivity of points in 3D point cloud of the initial design (x;,) to the 5 latent variables. The brighter
red color indicates higher sensitivity.
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6.3.2 Framework for Target-oriented Design Exploration

This experiment demonstrates the applicability of the framework for a target oriented
design generation task (Section 6.2), where depending on user preference, the framework
provides personalized ranges of the latent variable sliders to guide the generation of a
3D design that matches the user target. Here, we considered that a design target is
defined by the user as one of the car classes from the following car classes: "SUV", "Sedan",
"Convertibles" and "Sports car" as provided with labels by the ShapeNetCore data set. For
example, if the user’s target is to explore sports car designs, the user chooses "Sports car”
as the target car class from the above-mentioned car classes. Hence, the objective of this
framework is the exploration of different Sports car or SUV designs. Based on the choice
of a target class (Sports car), the region (cluster) in the latent manifold of the PC-VAE
that represents the target sports car designs is estimated. The personalized range of the
sliders is decided based on the location of the initial design and the selected target class
region in the latent space. The user modifies the personalized latent sliders to change the
initial design (z;,) to a 3D shape representing a sports car design.

However, many shapes from ShapeNetCore car classes are not labeled correctly. The
shape-generative capability of the PC-VAE is used to generate a cluster of similar yet
different sports car shapes from the 10 correctly labeled sports car templates selected from
the ShapeNetCore car dataset. Ten distinct sports car templates are considered from the
data set with the "Sports car" label after visual verification, since various categories of
sports car exist in the dataset. From the 10 chosen sports car template shapes, the latent
distributions of these 10 samples (ji;, 5; = 1,2...,10) are estimated using the encoder of
the PC-VAE, and 10 latent representations z are sampled from these 10 distributions
(fij,05) (Section 3.2.3). Thus, exploiting the generative capability of the PC-VAE assists
in generating a cluster of 100 latent representations z for the sports car class. The latent
variables of these 100 samples representing different types of sports car designs are analyzed
to estimate the lower and upper limits (min and max values) of these 100 latent variables.
Determining the limits of these latent variables helps in approximating the personalized
ranges of the sliders in the interactive framework. This similar template-based sampling
approach is used to generate a cluster of 100 latent variables for other target classes ( SUV,
sedan, and convertibles). Figure 6.6 shows the latent distributions of the 100 samples from
the target sports car cluster and the initial design (x;,) to decide the lower (z;,,7 = 1,2...,5)
and upper value (z,,) of each of the 5 sliders.

To customize the slider ranges before starting the GUI interface, the latent variables of
T, are considered as one of the lower (z;,) or upper limit (z,,) of the slider and the other
limit is determined from the latent variables of the target sports car class (similar to the
range of 2y, z3, z4, and z5 in Fig. 6.6b). If the latent variables of x;, are within the range

of the latent variables of the target classes (similar to the range of z; in Fig. 6.6), both
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Fig. 6.6 a) 2D representation of the 5D latent variables of the training dataset and the target car class
shapes. b) Distribution of the latent variables of the initial design (x;,) and the selected target class
templates. The brighter red color indicates higher sensitivity.

the upper (z,,) and lower limits (z;,) of the target class are considered as the personalized
range of the slider z;. Hence, based on the selection of a target car class by the user, the
templates of the selected target class are used to decide the personalized ranges of the
latent variables (Fig. 6.7). In addition, to visualize the distinct locations of these target
class designs in the latent manifold, the 5D latent representations of the training data set
are embedded into a 2D representation using UMAP (Fig. 6.6a). Similarly, the 100 shapes
from each of the two target car classes (SUV and sports car) are embedded in the 2D
representation (Fig. 6.6a). The designs from the two target classes are in distinct regions
of latent space, showing the reliability of the latent manifold since the sports car designs
are very different from the SUV designs.

The framework loads the initial design (x;,) with personalized slider ranges provided
at the bottom of the GUI (Fig. 6.7a), where the current position of each slider reflects
the value of one of the latent variables of z;,. The user is able to move each slider to
generate new designs, where each design is automatically reconstructed from the updated
latent variables using the PC-VAE decoder. The first design (x) is generated by changing
the latent variables z1, zo, and z3 from the initial design z;, (Fig. 6.7b). Modifying each
latent variable modifies a region of the point cloud, and the mean square distance (MSD)
is measured between the current and the previous design. The MSD value between each
point of the current shape x; and the previous design x;, is projected on each point onto
the current 3D point cloud representation z; as color maps (Fig. 6.7b). This gives an
indication to the user that with the current latent variable modifications, which regions of
the generated point cloud are modified. The range of the color map is decided based on
the min and max values of the difference between one of the target designs and the initial
design ().

Likewise, after n number of latent variable modifications, the final design of the sports

car class is generated (Fig. 6.7c). The color map in the final design (x,) shows the MSD
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Fig. 6.7 Visualization of the interactive framework with personalized slider ranges to change the design
topology from the initial design to a sportscar design. a) An initial design with customized slider ranges
derived from (Fig. 6.6). b) The first point cloud design (x1) generated with 21, 29, and z3 latent variables
modification. ¢) The final design (x,,) generated by moving the sliders. The color map indicates the mean
square distance between two geometries, where ref color indicates higher distances.

difference between the points in the shape z,, and earlier shapes z,_; (not shown in the
Figure). Other than visually verifying that the final design z,, is representing a sports
car, the similarity of the final design is measured with the sports car design (z71) (Fig.
6.1). This similarity is measured in the latent manifold using the Euclidean distance
between the final design and the selected target shape from the sports car class. The
observed Euclidean distances are always lower than the maximum pairwise similarity of
the sports car templates, proving that the final generated shape (z,) belongs to the sports
car cluster. Hence, the explorative power of the interactive framework helps in guiding
the modification of an initial design to a target sports car design xp; that the designer
wants to achieve in the design optimization task (Fig. 6.1). Also, while exploring the
target-oriented designs using the CDS framework, it generates intermediate feasible designs
from which the designers can get inspiration for new design ideas.

Similarly, in the second optimization task (Section 6.2), the use of the interactive
framework is shown to modify the initial car design (z;,) to an SUV car design (z,) (Fig.
6.8). Therefore, based on the choice of the target class - sports car (Fig. 6.7) and SUV
(Fig. 6.8), the initial design x;, loads with different ranges of the sliders allowing the user
to explore designs based on their targets. This example illustrates the usability of the
proposed interactive framework for guiding design explorations by suggesting personalized
latent variable slider ranges. The interactive GUI helps to navigate in the latent manifold

for modifying the initial shape to a 3D shape representing the target class.
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Fig. 6.8 Visualization of the interactive framework with personalized slider ranges to change the design
topology from the initial design to a SUV design. a) An initial design with customized slider ranges
derived from (Fig. 6.6). b) The first point cloud design (z1) generated with z3 and z5 latent variables
modification. c¢) The final design (z,) generated by moving the sliders.

6.3.3 Framework for Performance Prediction of 3D Designs

A second set of experiments is performed to demonstrate the applicability of this interactive
framework to provide real-time structural, aerodynamic or other functional performance
estimation of the 3D designs by projecting the performance measure value onto each point
of the 3D point cloud as color maps. The performance measures are predicted using
trained surrogate models (Section 4.2.5).

For this task, the interactive GUI combines both the trained PC-VAE and the MLP as
a surrogate model (Fig. 6.9). The two outputs of the MLP are normalized volume (V)
measures and normalized drag coefficient (F,) between 0 and 1. Based on the selection of
performance of interest by the designer, the pre-trained model provides a performance

measure (V or F,) feedback to the designer through the user interface (Fig. 6.9).

Graphical User Interface
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Fig. 6.9 Schematic overview of the interactive framework for 3D shape volume prediction.

To give an overview of the organization of the 3D designs on the latent manifold

concerning performance measures, the 5D latent representations of the shapes in the dataset
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are visualized in 2D representation using UMAP (Fig. 6.10). The 2D representation shows
a gradual change in color, which signifies volume (V') in Fig. 6.10a and drag coefficient
in Fig. 6.10b. This shows that exploring the distinct regions in the latent manifold and
sampling latent representations from these regions will generate 3D designs with target

performance measures.

Volume (V) Drag Coefficient (F,)

0.0

0.0

Fig. 6.10 2D latent representation of 3D car shapes organized with respect to two performance measures:
a) Volume and b) Drag coefficient.

On launching a second GUI interface, the user sees the point cloud representation of
the initial chosen design (z;,) with the normalized volume (V') projected as a color-map,
and the sliders at the bottom of the GUI represent the latent variables of x;,. To illustrate
the use of the framework for faster shape exploration along with real-time performance
estimation of the 3D designs, we gradually changed the latent variables of the initial design

T;, to generate the updated shape z; and zo (Fig. 6.11).

Initial Design () First Design (z1) Second Design (x2)

Fig. 6.11 Visualization of the interactive framework for predicting volume (V) value and its projecting
onto the 3D point cloud representation as color-maps: a) Initial point cloud design z;, with V' = 41. b)
The first design (z1) represents the final sportscar design from Fig. 6.7.c with V' = 0.22. ¢)The second
design (x2) represents the final SUV design from Fig. 6.8.c with V' = 0.65.

The latent variables of x;, are changed in such a way that the shape x; represents the

similar sports car shape from Fig. 6.7c. The overall geometry of the car shape shrinks to
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x1, indicating the volume of x; reduced from z;,. Similarly, in the next step, the latent
variables of x; are modified to generate the shape xs, which represents the similar SUV
design from Fig. 6.8c. In the SUV design (x2) the structure of the car shape expands from
the first shape z, thus the volume in x5 is much higher compared to x; and x;,. The
positions of these 3D shapes (x;,, z1, and x3) are visualized in the latent representation
(Fig. 6.11), and all the 3 shapes are observed to be in distinct regions in the 2D latent
manifold, verifying the difference in the volume color maps. Hence, based on the real-time
performance feedback of 3D designs, the designer can explore any region of the latent

manifold to achieve a targeted performance design.

Initial Design (Zin) First Design (1) Second Design (z2)
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Fig. 6.12 Visualization of the interactive framework for predicting drag coefficient (F}) value and its
projecting onto the 3D point cloud representation as color-maps: a) Initial point cloud design x;, with
F, = .25. b) The first design (z1) represents the final sportscar design from Fig. 6.7.c with F,, = 0.18. ¢)
The second design (x2) represents the final SUV design from Fig. 6.8.c with F, = 0.61.

Similar to the volume performance prediction (Fig. 6.11), the usability of the framework
for normalized drag coefficient estimation (F}) is shown (Fig. 6.12), which has higher
significance for critical decision-making in computational design studies. Figure 6.12
shows the three designs from Fig. 6.11, but color-coded with their respective normalized
drag (F}). Additionally, to verify the accuracy of the MLP, the R-square(R?) scores are
calculated for the true and predicted volume (V) and drag coefficient (F) values of the 3
shapes (Fig. 6.11 and 6.12). A higher R? score is observed for volume (0.84) compared to
the drag coefficient (0.71), suggesting that volume estimation is an easier task compared to
predicting non-linear drag coefficient, which is in line with the finding in [123]. Therefore,
this experiment illustrates the usability of the proposed framework to generate shapes

with target performance measures.

6.3.4 Summary

In this section, a novel interactive framework is presented, which is named cooperative

design system (CDS). To build this framework, the notion of experience embedded in the
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existing CAE models is learned using the PC-VAE to generate the latent manifold of the
3D designs. In the context of an automotive design optimization task, the CDS framework
assists and guides the designer in exploring the latent manifold and helps in generating
3D designs based on their targets.

To demonstrate the guidance that the proposed framework can provide, a design task
is formulated (Section 6.2), where the designer starts the task with an initial design (z;,)
and gradually modifies it to reach a representative targets (z7; or zps). The interactive
framework provides guidance in two forms: First, based on the designer’s target, it provides
a personalized range of the latent variables, which guide the designer towards the target
region in the latent manifold. Second, the framework predicts performance measures of the
generated shapes based on the position in the latent manifold, which allows the designer

to consider performance measures in different domains.

6.4 Assistance for Predicting Next Design Step Mod-

ification

This section focuses on introducing a second CDS framework that exploits the human
experience, i.e., engineers’ approach to performing design optimization tasks. For this
experiment, a similar design optimization scenario is considered (Section 6.2). To gather
human experience data, FFD is used for the shape manipulation task, which can modify
the initial design to match the target design. Tracking the changes of the FFD parameters
from the start till the 3D design is finalized, helps to generate sequences that signify the
change of these parameters over each iteration. Hence, the aim of this set of experiments is
to train a neural network-based model on existing successful shape manipulation sequences
and use this trained model to predict potential future design steps from the modification
currently applied.

The rest of the section is organized as follows: The experimental setup describes
the method to gather the sequential data and the architecture and to train the LSTM
model, which is used to learn the generated sequential data (Section 6.4.1). The trained
LSTM model is used to predict future design steps (Section 6.4.2), based on the history of

currently performed modifications for the given design task in Section 6.2.

6.4.1 Experimental Setup

To track the process of shape manipulation for the considered optimization scenario (Fig.
6.2), a human designer has to modify an initial shape such that it matches predefined
target shapes. FFD parameterization is utilized to capture the designer’s approach of

performing the design modification from the initial shape to the target shape. In principle,
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there are many engineers and designers in the automotive industry and they generate
enough data to create a large dataset of shape manipulation sequences. However, currently
this data is not available. Hence, for this thesis, we utilize an alternative approach of a
target shape matching optimization (TSMO) method to generate these user approach
sequences. Prior research on addressing the process of generating substantial amounts of
human-like design sequences in a monotonic manner, shows that evolutionary algorithms
can mimic human user behavior by adjusting the optimal hyper-parameters [140]. Hence,
in this research, a target shape matching is used as a proxy for the design process, where a
human user operates on the initial shape (z;,) and changes it with the intention to match

the design target (zr1 and x79) (Fig. 6.1).

Shape Representation using FFD

Free-form deformation: The most popular deformation approach is standard free-
form deformation (FFD) [10], which serves as a modeling tool which wraps the space
surrounding an object and thereby transforms the object indirectly (Fig. 6.13). FFD
embed the geometric model that has to be deformed into a parallelopipedical 3D lattice.
In the first step, the representation of the 3D geometry is transformed from the Cartesian
space (x,y,7) € R3 to the lattice parametric space (s,t,u) € R3|(s, t, u € [0, 1]) based on a

reference point I in the Cartesian space.

Initial Mesh Deformed Mesh

Control point

FFD Lattice

Fig. 6.13 Schematic representation of a car shape embedded in FFD lattice.

For example, a geometry is represented as a polygon surface mesh, X = (G, P), where
the mesh connectivity is described by a graph G = (V, E) with mesh vertices V' and
V| =N, edges E CV x V, and 3D coordinates P. The geometry is embedded into the

control lattice’s local coordinate system,

¥ = Uy + 55+ tt + uil (6.1)

where 3, ¢, and @ are unitary vectors defining the coordinate system, @, describes the

system’s origin, and s, ¢, and u, are the resulting local coordinates. Within the uniformly
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spaced lattice, the control points, P;j, are defined and displacing the control point deforms
the geometry according to the Eq. 6.2.

l m
VFFD:Z<Z>1 SlZ’{Z( ) - mjtj
i—0 \! =0

[Zn: (Z) (1 — )" u* Pyy, }

k=0
where vppp is the deformed surface mesh vertex, and [, m, n are the number of control

(6.2)

planes in 5-, {-, @-direction, respectively. Each plane defines a set of control points that

are moved simultaneously.

Shape-parameterization using FFD: To gather a large quantity of sequential data
that represents human experience of design modifications, we utilize the FFD for performing
the design task modification from Section 6.2. The initial shape (z;,) is parameterized using
FFD, which is then modified to match the target shape (zr;), representing a sports car.
In this experiment, the initial design is parameterized using an FFD lattice comprising of
64(4,4,4) control planes i.e., 192 control points (¢p;,i = 1,2, ..,192) uniformly distributed
along the x, y, and z axis (Fig. 6.14).

>

Control Planes

Fig. 6.14 Control points used for free form deformation of the car shape.

Optimization Algorithm Used for Data Generation

To avoid the manual generation of a large data set of shape deformation sequences,
a synthetic data set is generated by solving the target-shape matching task using a
computational optimization approach. In such an optimization task, the objective is to
modify an initial shape (x;,) represented by a set of FFD control points, ¢p; (i € 1, ..,192),
to match the target shape zr by minimizing a distance metric (z;, zr), which measures
the difference between the shapes. The metric (x;, x7) is a function based on point-wise
distance, e.g., Chamfer Distance (CD).
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min  CD(z;(ep;), zr(cp;))
. 2 . 2
CD(zj,zr) = Y min [[pi—polly + > preas Ipi = poll

Po€EXT
pi€z;° PoE€EXT

(6.3)

The objective function (Eq. 6.3) is minimized using the covariance matrix adaptation
evolutionary strategy (CMA-ES), which is suitable for small population sizes and has a
low number of parameters [106]. The CMA-ES utilizes a (p, A) strategy, where the chosen
population size \ is set to 10, and the number of parents p is set to 3. The optimizations
are performed over 100 generations for 150 different target shapes. The target shapes (zr)
are selected from car classes: "SUV" and "sports car'. 75 shapes from each of these classes
are used as target shapes for this optimization task, where each shape is sampled with
24578 points using the shrink-wrapping (SWM) technique. In each optimization run, a
192-D design sequence is generated that represents individual control point movements,
ep; (i = 1,2,..,192). The sequences denote the location of the control points in each

generation of the optimization runs.

Recurrent Neural Network Model

Architecture of LSTM: For learning sequences from the design modifications, a LSTM
is trained on the 192D sequences describing control point positions. The neural network
has 192 inputs, a hidden layer with 256 LSTM blocks or neurons, followed by a fully
connected output layer having 192 cells, corresponding to the number of desired outputs.
The network was trained using the Adam optimizer [76] and with a learning rate of 0.01.
Other parameters for training the network, such as batch size and number of epochs, were
set to 32 and 128, respectively. The LSTM network was implemented using the Keras
Framework [141] with a TensorFlow back-end [142] and mean square distance is utilized

as a loss function for training.

Data set pre-processing steps: To train the LSTM network for prediction, the
recorded design sequences are converted into individual samples using a sliding win-
dow of length w and step-size 1, leading to a three-dimensional tensor with dimensions
samples, time steps and features. Here, each sample corresponds to one window of w time
steps and features denote the positions of the 192 control points, cp;. By associating each
window with its next actual time step, a supervised learning task is formulated to predict
the next time step from the window of the immediate w past time steps. Based on the w
steps input data, the LSTM output layer predicts the 192D vector, which represents the

next positions of the control points.
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The window length w was determined by choosing the maximum lag, d, at which the
partial auto-correlation function (PACF) of each design sequence feature decayed below
the threshold 1.96/y/T — d. Here T is the length of the time series and 1.96 defines the
critical alpha level at 5 under the null hypothesis that the PACF is zero (assuming the
PACF asymptotically follows a standard normal distribution). The window length of w is
determined using the PACF of the sequence. Through cross-validation, the w size is set to

50, for which the prediction accuracy was highest in the training data.

Training of LSTM: The training of the LSTM network is similar to a regression
problem, where the input sequence with window size w is mapped to the values at w + 1.
The LSTM is trained by minimizing the mean square distance loss function. Given an
input sequence of width w to the trained model, it predicts control point positions at
w + 1, which is a 192D vector.

Out of 150 design sequences that are gathered from the TSMO task, the sequence
data is divided into two different splits: First, a 90% training and 10% test set, i.e., 15
sequences out of 150 sequences are kept as held out sequences for testing. Second, the
data set is split into a 80% training and 20% test set, where 30 sequences are held aside
for testing purposes. For evaluation, the prediction errors are calculated on the training
set and the test set. As a baseline (BL), a moving average baseline model is considered

that performs single-step prediction as the average over the past w input samples.

6.4.2 Single-Step Prediction

The LSTM model trained to perform single-step prediction outperforms the baseline
model for all 192D features, showing that the LSTM network successfully learned the
multivariate design sequences from the data. To estimate the accuracy of the LSTM
network’s prediction, a mean absolute error and mean square error are compared between
true values and model-prediction (Table 6.1). The LSTM network was able to predict the
multivariate output, i.e., the joint movement of all 192D control points.

Table 6.1 Mean absolute error (MAE) and mean squared error (MSE) plus standard deviations for baseline
model (BL) and single step LSTM for 15 and 30 test set sequences

BL LSTM
Training set Test set Training set Test set
15/135 split MAE | 0.182 4+ 0.004 0.191 £ 0.002 | 0.147 £ 0.003 0.119 £ 0.004
MSE | 0.058 £ 0.004 0.040 £+ 0.001 | 0.030 £ 0.005 0.024 £ 0.007
30/120 split MAE | 0.162 + 0.003 0.173 £ 0.002 | 0.123 £ 0.003 0.132 4+ 0.001
MSE | 0.057 £ 0.005 0.050 £ 0.002 | 0.026 £ 0.004 0.040 £ 0.003

Figure 6.15 shows two examples of the predictions result by the LSTM i.e., given the

design sequence of modification from step 1 to step 50 as input to the LSTM, the model
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predicts the location of the control points at step 51. Based on the LSTM’s prediction, the
geometry is generated by reverse engineering. The predicted shape at step 51 is overlapped

with the shape at step 50, to demonstrate the region of modification on the current step.

oG-

Step 1 Step 50 Step 51

(b)

Step 1 Step 50 Step 51

Fig. 6.15 Design changes predicted by the LSTM model following two different target designs (a) Sports
car, (b) SUV. For each of the design processes, deformed car shapes from time-step 1 (left) to time-step
50 (middle) form a representative window. The LSTM model prediction for time-step 51 is superimposed
on the car shape from time-step 50 (right). For (a) the LSTM model proposes to move the right part
outward; and for (b) the LSTM model proposes to move the left side of the roof structure upward.

6.4.3 Summary

The motivation of this research was to learn the notion of designers’ experience from past
design optimization tasks and develop an interactive framework, which will guide (novice)
designers by predicting the next potential design modification direction. To build this
framework, first, a large dataset of sequences is gathered, which represents past design
modifications in an optimization task. To track design modification in an optimization,
3D designs are parameterized with FFD and the parameters of FFD are tracked from the
beginning to the end of the optimization process. The optimization parameters are tuned
such that the optimizer produced design sequences that mimicked the design process as
carried out by an experienced human user.

Secondly, a state-of-the-art LSTM model is used for learning 3D design sequences to
predict future design steps. This is a promising step for modeling design experience using
a human-machine system that can cooperatively support an engineer in a design task.
The LSTM-based prediction task is performed to explore how the trained model may be
used to guide a (novice) designer in future design processes by proposing potential next

design steps based on the history of currently performed design modifications.
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6.5 Conclusion

The research in this chapter is mainly based on the following published research papers
[143, 140, 144] and has been extended based on more recent findings. This chapter shows
an important step in analyzing the capability of the neural network models for modeling
prior design experiences in order to provide guidance to the engineers and designers during
the design process.

The analyses in this chapter address the research question RQ6, which is answered in

the following paragraph.

RQ 6. How to exploit and learn engineering experience from past design optimization
tasks using DL models? And how to utilize the trained DL model for formulating
different assistance to collaboratively help designers in a present design ideation
task?

The perception of engineering experience is exploited in two different methods in this
research: First, learning the experience embedded in the engineering data and second,
learning the engineer’s or designer’s experience. We introduce two frameworks to
model these two distinct types of data and provide useful guidance to the designer
in a digital design development process. For demonstration of these frameworks, a
realistic design optimization task is considered, and the two frameworks are used to

generate different forms of assistance to guide the user.

The first framework is designed to model the experience embedded in the 3D data,
where the generative PC-VAE is used to create a low-dimensional data-manifold
(latent manifold) for easy exploration of 3D designs. An interactive graphical user
interface (GUI) is implemented, where sliders are associated to the latent variables
of the PC-VAE. This complete framework is named a cooperative design system
(CDS). The CDS helps the designer in changing an initial design to a design that
matches his/her target, along with estimated performances of different domains.
However, there are open challenges that need to be addressed. From a representation
point of view, designers may need to recreate CAD/E models from the point cloud
representations, which further needs reverse engineering either manually or using

shrink-wrapping methods.

The second framework focuses on modeling human-experience data and guides the
designer in real-time by predicting the next step for design modification based
on the currently applied modifications. Here, we considered human-experience
data as sequential data that represents engineers’ approach to performing shape
modifications for a particular design optimization task. As an initial approach to
mimic human experience data, a computational optimization approach is used to

solve the similar design optimization task, and the design modifications over the



6.5 Conclusion 115

optimization runs are recorded. Next, LSTMs are trained on the multi-variate
design modification sequences and the trained model is used to predict the next step
of design modification based on the current applied changes. Hence, guiding the
designer in modifying the initial design to achieve the design that matches his/her
target. The LSTMSs’ ability to generate novel design steps and to provide next-step
predictions, make them promising candidates for learning design-modification data.
However, one limitation of this approach is the lack of gathered data that represents
a design method for more complex design modification tasks. Therefore, future
research focusing on modeling human-experience, should consider at least partial

data collection from engineers and designers.

Nevertheless, the results in this chapter show a promising step towards using geometric
deep learning-based systems as an additional tool in the automotive design exploration

phase, which provides the benefit of combining knowledge from data-driven Al models.






Chapter 7
Discussion and Outlook

This chapter provides the conclusions and outlook drawn from the research findings that
led to this thesis.

7.1 Summary and Discussion

Experts in any domain intuitively exploit experience from previously solved different
optimization problems to address new and more challenging tasks. Exploiting past
experience allows us to propose better initial solutions in an optimization setting rather than
starting without any prior information about the target problem. Hence, to transfer the
notion of experience between different automotive design tasks, we envision a cooperative
design system (CDS) that learns the notion of experience from past design optimization
tasks and aims to assist designers with potential alternatives. This supports as an assistance
tool for informed decision making by the designers. The notion of experience is defined
using two methods: First, the engineering experience embedded in the 3D data is gathered
from previous optimization tasks; and the second method refers to capturing the human
experience of performing design optimization tasks.

The availability of a large number of digital data generated during the past design
optimizations makes it feasible to learn the embedded experience in the 3D data using
deep learning networks. Yet, the high-dimensionality and unstructured nature of the data
poses challenges for state-of-the-art machine learning algorithms. Recent advancements
in geometric deep learning (GDL) methods extend the application of ML algorithms to
both structured and unstructured 3D data. In GDL, deep generative models are used for
learning low-dimensional representations of computer-aided engineering (CAE) models.
Hence, applying the GDL technique to exploit the notion of experience is a promising
approach for an experience-based engineering optimization framework, which is the area

of focus of this thesis.
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As the representation of CAE data is not canonical, a first step for learning design
features from CAE data is to define the most suitable representation of 3D designs for
training a deep generative model. Hence, in Chapter 2, a review of the types of 3D
representation is presented, which answers RQ1: "Which 3D representation is suitable
for efficient training of deep learning models?". In the context of selecting a suitable 3D
representation that is easily scalable and captures details of 3D shapes, the point cloud
representation of 3D geometries provides more flexibility and requires less pre-processing
effort compared to polygonal meshes. Additionally, this chapter provides a review of the
popular deep generative models, out of which the variational autoencoder (VAE) proves to
be the most suitable generative architecture for learning 3D data. This model provides the
flexibility to generate new designs, which is a key element for creative design exploration
tasks. Therefore, from the reviewed representations, 3D point cloud representations of
CAE models are most suitable for learning using a VAE.

In Chapter 3, an architecture of a 3D point cloud variational autoencoder (PC-VAE) is
proposed for learning design point cloud representations of CAE models, which answers the
research questions (RQ)2): How well can a generative model learn a compact representation
of 3D designs for engineering optimization? And is this model suitable for generating
diverse unseen designs that are useful for engineering applications?. The shape-generative
performance of PC-VAE is comparable to the state-of-the-art point-based generative
networks [60, 70]. To use the PC-VAE for engineering optimization tasks, the realism and
diversity of the shapes generated by this model are evaluated using pre-defined quantitative
metrics. These experiments show that the PC-VAE generates a suitable low-dimensional
latent space for 3D designs, which allows sampling of novel designs that the model has not
seen before. Additionally, it is shown that performing gradient-based optimization on the
latent space of the PC-VAE helps in generating 3D designs from unexplored regions in the
latent search space.

However, the generation of car designs ideally involves both aesthetic design targets
and engineering criteria, which leads to the question (RQ3): "How can the data-driven
latent space be utilized to generate design solutions that satisfy multiple criteria?". To
answer this question, a real-world-inspired, multi-objective optimization task is set up. Two
scenarios are considered where the designer can incorporate preference prior to the start
of the optimization task, or posterior selection of preferred solutions generated from the
optimization task. The optimization task is performed in the low-dimensional search space
of the PC-VAE and the latent space knowledge is exploited to improve the convergence of
optimization algorithms in both optimization scenarios. In the first scenario, the designer
assumes to have no prior preference information and aims to utilize the optimization
task to generate a diverse range of design solutions to select from it later. The latent
space knowledge is exploited to initialize the optimization algorithm (Lerp-seed), such that

the optimization converges faster and generates more diverse solutions. These generated
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diverse solutions are returned as suggestions to the designer to select the preferred one.
The second scenario mainly resembles experienced designers, who can specify the desired
preference information prior to the start of the optimization task. The weighted-sum
method is used to solve the optimization process, where an adaptive strategy is proposed
to determine the weights such that the final generated solution of the optimization matches
the designer’s preference. Hence, exploiting the latent space knowledge improves the
convergence time of the optimization task and generates a target solution faster.

Often, the evaluation of the objective function in a design optimization requires time-
consuming simulation runs. To replace costly objective function calls with surrogate
models, the characteristics of the latent variables are evaluated from a more practical
perspective to answer the following questions (RQ4): "Does the latent space of the deep
generative models hold relevant information about the structural or functional properties of
3D designs? Can a surrogate model be trained on the latent manifold to replace expensive
performance simulation or function evaluations in a design optimization problem?". To
answer RQ4, the latent space of the PC-VAE is analyzed from an information encoding
perspective. Since the PC-VAE is built upon the architecture of the autoencoder, the
latent space of both models is compared to analyze the effect of additional regularization
of the PC-VAE. Information theoretic measures are utilized to analyze the information
content in the latent variables to represent geometric and functional performances of 3D
designs. The main outcome of the experiments is that training the PC-VAE with the
KL-divergence loss function helps to generate a probabilistic continuous latent space. But
this additional regularization loss function reduces the performance information content in
the latent variables of the PC-VAE. It is also shown that learning on organized point clouds
using the mean-square distance (MSD) between corresponding points as loss functions
improves the quality of the shapes generated by the PC-VAE. Learning on organized point
clouds requires lower computational effort, and the models are able to generate shapes that
maintain the organization of the point clouds. This leads to the generation of simplified
meshes on the output point clouds, reducing the post-processing time. Surrogate models
trained on the latent space of PC-AE and PC-VAE, are able to predict the volume and
aerodynamic drag coefficient of 3D shapes. Hence, these surrogate models can be used
to replace costly evaluation of objective functions. Furthermore, the advantage of the
PC-VAE is demonstrated in addressing the data-limitation by sampling realistic designs
from sparsely sampled regions of the data set.

Previous experiments showed that the latent variables were suitable for modifying
3D designs. Yet the interpretation of a particular latent variable mapping to a distinct
region of the 3D designs was lacking, which leads to the question (RQ5): "How can the
design features learned by a deep generative model represent different interpretable aspects
of 3D designs? How can we transfer the unique parts or design features of a 3D shape to

another shape, such that the recombination of design features from two distinctive shapes
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generates a novel shape combining the essence of both 3D designs?'. To address this
challenge, a novel deep-generative model that builds upon the architecture of the PC-VAE
is proposed: Split-AE. The novel architecture combines two classifiers to learn two sets of
latent variables, where the first set helps to understand the whole underlying structure of
the 3D shape to discriminate across other semantic shape categories (content). The second
set of variables represents distinctive parts of the 3D designs that allow grouping of shapes
into shape classes (style). The proposed architecture is further used to answer the question
"How can we transfer the unique shape parts of a 3D design to another design, such that
the recombination of design features from two distinctive designs generates a novel shape
that combines the essence of both 3D designs?". A series of experiments were performed to
demonstrate the network’s ability to generate augmented shapes that combine the essence
of two different shapes; i.e., combining the style latent variables of a target shape with the
content latent variables of a source shape. This approach of disentangling feature transfer
between 3D designs with minimum supervision, helps in generating novel shapes that are
modified versions of the existing designs.

Finally, once the architecture and capabilities of the PC-VAE are better understood,
the following question targets the initial vision of a cooperative design assistance system
(RQ6): "How to exploit and learn engineering experience from past design optimization
tasks using DL models? And how to utilize the trained DL model for formulating different
assistance to collaboratively help designers in a present design ideation task?". To answer
these questions, we exploited the perception of experience in two different methods. The
first approach aims at learning the experience embedded in the engineering data, and the
second, referring to learning from engineering experience. Two frameworks are introduced
to model these two distinct approaches. Both provide useful guidance in a design process.
The first framework is a data-driven cooperative design system (CDS) that serves as
an assistance system for designers to explore design ideas. The data-driven PC-VAE is
utilized to create a low-dimensional data-manifold (latent manifold) for easy exploration
of 3D designs through our proposed framework. For a real-world-inspired design task,
the CDS provides assistance for exploring the latent manifold to generate target-oriented
designs, along with real-time performance predictions of the generated shape. Providing
this assistance enables the designers to explore designs taking into account the data-driven
knowledge and estimated performances of different domains. The second framework aims
to model human experience and guides the designers in real-time by predicting the next
step for design modification based on the currently applied modifications. To develop
this framework, sequential data is collected that represents an engineer’s approach to
shaping modifications for a particular design task. A computational optimization method
is proposed to mimic human experience data, such that enough data could be generated to

train deep learning models. Next, a long short-term memory (LSTM) network is trained on
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the sequential data, such that the model can provide guidance to the designer in modifying

a given 3D design to match his/her target.

7.2 Outlook and Future Work

The contribution of the work in this thesis covers a limited scope of the research on
experience-based representation learning. Hence, several challenges remain unsolved and
there is scope for improvement of the present proposed methods.

One of the limitations of using GDL methods for engineering applications is the lack
of engineering-tailored data sets. ShapeNetCore [18] provides a large collection of 3D
models that allowed us to advance the research in GDL, but there is a limitation on the
information of the model properties and class labels.

Another limitation in line with training the variational autoencoder with shapes from
one domain needs several trial-and-error runs for balancing the reconstruction and KL-
divergence loss functions. Hence, without expertise variational autoencoder needs excessive
re-training to adapt it to shapes from other domains. One possible improvement to the
training of variational autoencoder could be using transfer learning to learn the latent
representations from one data domain and using it to the re-parametrization of the latent
variable in another domains [145].

Further, the Split-AE proposed in this research is regarded as a first step towards a
generic model for feature disentanglement of shapes across domains. Also, the car and
airplane shapes were utilized in this research for evaluation of the proposed model and
therefore did not use the model for style transfer across domains. Therefore, in future
work, the aim is to identify style as a global feature common to car shapes, e.g., from a
brand and investigate 3D style transfer between cross-domain shapes. Additionally, in the
line of style transfer between two 3D designs, Split-AE always needs a source-target 3D
design pair. Following the idea of optimization in multiple latent spaces and transfer of
knowledge from one latent space to another, an alternative way of generating a 3D design
with specific content and style would be to perform optimization in the content and style
space [146].

Lastly, the contributions of the research in this thesis cover the first prototypical
demonstration of an experience-based cooperative design assistance system. However,
there are several challenges that remain unsolved, and the methods proposed in the present
research have to be improved to adapt to a wider range of applications. Future work
should also focus on integrating the CDS framework into the real-world automotive design
process and gathering feedback from designers. Additional steps should include re-training
and updating the DL models with 3D geometries tailored for particular automotive design

exploration. Finally, the biggest challenge of developing a CDS framework that guides
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the designer and the engineers in the cooperative design process is the lack of data that

represents the human approach of complex design modifications.
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