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Chapter 1

Introduction

Human design is a ubiquitous element of the modern world and plays a crucial role in

the technologies involved in creating the products we use. However, product design

processes can be extremely time-consuming due to the increasing complexity of the

products, e.g., the development process for one car product takes five years. Time

invested in a product may thus become critical in light of rapidly evolving market

needs and preferences for more demanding and customized products. Automating

and accelerating the design process would yield significant cost reductions and in-

crease productivity within industries, an immeasurable gain for global productivity

and prosperity. In Section 1.1, we introduce a traditional industrial design process in

detail, as well as the challenges the industry faces therein.

Generative engineering design (GED) [3, 34, 115, 138] is proposed to overcome

this issue. GED represents a new trend toward generative design originating from a

more function-oriented design exploration, utilizing existing designs and algorithms

for assisting engineers in developing complex structures. Most of the early-stage GED

methods involve the manual definition of design rules based on human experience, i.e.,

explicit programming of design constraints and objectives. Developing such rule-based

algorithms is very time-consuming and exceedingly costly. However, comparatively,

the implicit learning of existing designs holds a lot of promise in generating powerful

design exploration algorithms at a plurality of times lower costs than possible. More-

over, manually-programmed GED algorithms are essentially always project-dependent

and involve a significant number of predefined parameters. However, strong algorithms

intended for modern industries should be highly flexible in various design requirements

and scenarios. Some more insight into the impact GED will have on modern industries
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is provided in Section 1.2.

In recent years, machine learning has exhibited tremendous potential in surpassing

the constraints of conventional algorithms across various real-world applications, in-

cluding text understanding [174], image classification [81], object detection [136] and

game playing [107]. Noteworthy achievements are evident in the field of deep genera-

tive models (DGMs, known as GenAI), like large language models [40, 20, 1], image

synthesis [49, 72] and generation of other data formats [117, 108, 169, 130]. Since the

emergence of ChatGPT [118], there has been a keen interest in deep generative models

(and even large generative models) and their applications in industry. Further insights

into DGMs are discussed in Section 1.3.

With the rapid development of DGM, utilizing it for generative engineering design

becomes an intuitive decision due to its impressive ability to create new data. Regen-

wetter et al. have conducted a comprehensive survey [138], delving into this area and

revealing the potential of DGMs in facilitating industrial design processes. In Sec-

tion 1.4, we also demonstrate the most recent applications of DGMs for engineering

designs. Despite the impressive results achieved in modern DGM researches, there is

still a significant gap between current DGM technology and industrial applications.

Below, we list the primary challenges faced by generative engineering using DGMs:

1. Poor plausibility of the designs generated. For the purpose of assisting the

industrial design process, the generated designs must observe certain semantic

constraints (referred to as plausibility, e.g., no floating material or missing parts).

While the samples generated by current DGMs show outstanding visual quality

(referred to as fidelity, e.g., no background noise and clear details), they often

fail in generating plausible results. This directly results in these DGM-driven

solutions being inefficient and unreliable.

2. Lack of metrics for measuring plausibility. Model evaluation is essential in the

development of DGMs, as it allows for the ranking of models during the develop-

ment phase and assesses the efficiency and reliability of the final model. When

using DGM to enhance engineering design processes, evaluating the model’s per-

formance in terms of plausibility becomes critical. However, unlike metrics for

fidelity or diversity, plausibility is an inherently subjective criterion, making it

challenging to measure automatically. Current evaluation metrics often neglect

the model’s performance regarding plausibility. Relying solely on these existing

metrics can lead to misguided decisions, such as selecting a DGM that ultimately

fails to generate plausible designs.
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3. Computation inefficiency for 3D objects. Advances in DGMs have made them

proficient in generating regular data formats, such as images. However, 3D

shapes (such as meshes and B-Reps) are not so straightforward for recent DGMs

due to various reasons. These processes are sometimes energy and computation

intensive, translating to prohibitive costs. Again, 3D object generation often

relies on large-scale datasets; hence, performance obtained from modestly sized

datasets hinders practical applications.

4. Inability to directly generate CAD-native representations of geometric objects.

In general, DGMs used for generating engineering designs typically rely on cross-

sections or meshes to represent source designs. Although widely used, such rep-

resentations do not correspond to the most natural form of CAD data, which

is primarily based on B-Rep solids described using parametric geometries. This

discrepancy presents a significant limitation, as the conversion from images or

meshes to B-Reps remains challenging at present. Learning DGMs directly from

B-Reps is therefore a more logical and effective approach, as it allows for the

generation of designs that are inherently compatible with CAD systems. By fo-

cusing on B-Reps representations, DGMs can produce more accurate and usable

geometric models, facilitating smoother integration into engineering workflows.

5. Lack of historical successful application in industrial cases. The successes of

DGMs are often showcased in controlled environments where the data is well-

curated, characterized by a rich data pool and high quality. However, industrial

applications frequently encounter a range of challenges that hinder the effective

deployment of DGMs. These challenges include limited sample sizes, a signif-

icant amount of invalid or noisy data, and data formats that are not directly

learnable by current models. As a result, the performance of state-of-the-art

DGMs in these industrial contexts may not match their effectiveness in more

general tasks. This gap highlights the need for further research and develop-

ment to adapt DGMs for real-world industrial applications, ensuring they can

handle the complexity and variability of engineering data. Addressing these is-

sues is crucial for unlocking the full potential of DGMs in driving innovation and

efficiency in industrial design processes.

While the above-mentioned limitations prevent engineering processes from taking ad-

vantages of the benefits of DGM, they indicate challenges with great industrial inter-

est and research value. This thesis summarizes these challenges into corresponding

research topics and solves them one by one by providing general solutions, which will
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not only benefit engineering design processes, but also contribute to the DGM research

community. The research questions are as follows:

RQ1: How to prioritize plausibility in generation with DGMs? Prioritizing

plausibility ensures that the designs generated by DGMs are practical and can be re-

alistically implemented in real-world scenarios. This is crucial because generating im-

plausible designs can lead to wasted resources and inefficiencies. By focusing on plau-

sibility, engineers and designers can rely on DGMs to produce viable and innovative

solutions, accelerating the design process and reducing trial-and-error phases. There-

fore, we improve the noise scheduling of the stat-of-the-art diffusion model (EDM [71])

and propose plausibility-oriented diffusion model (PoDM) [167], details can be fond

in Chapter 2.

RQ2: How to automatically evaluate the plausibility of designs generated

by DGMs? Metrics are an important assistant in evaluating and ranking models

during the development of DGM, but they also reveal an unsolved challenge: due to the

lack of ground truth in generation, it is difficult to automatically evaluate the synthetic

samples while aligning with human judgments. After reviewing existing research on

developing DGMs, we note that plausibility is overlooked not only in DGM-driven

generation (as questioned in RQ1) but also in model evaluation. To address this, we

propose a novel metric Fréchet Denoised Distance (FDD) [164], detailed in Chapter 3,

which complements other metrics and aligns with human designers in evaluating result

plausibility.

RQ3: How to use DGMs to generate high-dimension designs more effi-

ciently? High-dimension designs often involve complex structures and multiple vari-

ables, so training DGMs is time-consuming and challenging. DGM developers tend

to generate high-dimensional data via training an autoencoder, while the DGM is

trained in the learned latent space. This can be computational costly and challenging

in engineering process, where sample number is limited and structure of each sample is

complicated and in high dimension. In Chapter 4, we propose a decomposition-based

generation framework, SpoDify [168], for high-dimensional data, where our method en-

ables a learning-free encoding and the decomposition outcomes can be used for DGM

training.

RQ4: How to enable DGMs to directly synthesize CAD native representa-

tion? Directly synthesizing CAD native representations allows for seamless integra-

tion of generated designs into the existing workflow and tools used by professionals.
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This capability will reduce the need for manual conversion and adjustments, thereby

enhancing productivity and ensuring that the generated designs can be immediately

utilized in practical applications. We delve into this in Chapter 5 and propose Neu-

roNURBS [166] that is able to learn and generate directly B-Rep (the CAD native

representations) and NURBS (the native representation of parametric geometries in

B-Reps).

RQ5: How can DGMs be beneficial for real-world industrial design appli-

cations? Understanding the practical benefits of DGMs in real-world applications

is essential for their adoption and integration into industry practices. This question

addresses the tangible impact of DGMs on the field of industrial design. Demon-

strating the benefits of DGMs—such as improved design efficiency, cost reduction,

and enhanced innovation—will encourage industry adoption, leading to widespread

improvements in design practices and outcomes. In Chapter 6, we take car rims and

A-pillars as design targets and demonstrate the efficiency of DGMs in industrial cases.

Together all the above research questions are aiming to solve one primary research

topic, which is:

How to enable DGMs to synthesize engineering designs?

1.1 Industrial Design Process

In modern industrial design processes, a design consists of a digital or virtual 3D

object that defines the product of interest. For instance, a car or a subset of a car

(such as a breaking system) is assembled from many connected components. The

field of computer-aided design (CAD) encompasses all topics related to such virtual

models. By nature, this virtual model or “CAD model” contains geometrical and

topological information about the object. To some extent, material information can

also be defined in the CAD model.

In industry, engineers conduct design, simulation, and manufacturing using CAD

software such as CATIA of Dassault Systems, where the standard is to represent a

solid model with boundary representation (B-Rep). In a B-Rep, the solid boundaries

are defined using a set of surfaces [177, 39], which are, by default, parameterized by

non-uniform rational B-splines (NURBS) [128]. A NURBS surface leverages weights

assigned to the control points and non-uniform knot vectors to represent more complex

shapes compared to Bézier or B-splines. It is worth noting that NURBS is often used

as an intermediate data format when exchanging data between CAD software. NURBS
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allows to define shapes with perfect precision due to their continuity.

Often, CAD software allows the generation of alternative representations of the

CAD model, such as images (cross-section or snapshot) or meshes, which can then be

easily used outside of the CAD framework. However, converting these design repre-

sentations back into CAD models can be challenging. In sum, industrial CAD models

use relatively complex data representations with the following characteristics:

• A mixture of parametric data (material properties, geometric parameters such as

thickness or radius, 3D geometry described using NURBS) and non-parametric

data (3D geometry described using a point cloud or image).

• High-dimensionality. The virtual car model is full-scale and consists of numerous

(up to hundreds) connected parts.

• Due to the lack of fixed design conventions (different sizes, various parameters

and constituent objects), there is a lack of unique definitions when considering

variants of the same design.

Within the framework set by predefined requirements, the designer can modify the

geometry by adjusting geometric parameters or reshaping certain components. The

designer may also modify the topology of the model by adding holes to the design.

These design modifications are triggered by the designer’s creativity and feedback from

the engineers, who collaborate closely during the design process.

The product design process [60] begins with creating a preliminary CAD model,

which evolves as designers incorporate creative ideas and perform functional eval-

uations. As design progresses, details are added and changes are made based on

feedback from engineers to meet predefined requirements. These requirements, which

range from quality and safety to manufacturability, are essential to ensuring com-

pliance with legal and industry standards [51]. Traditionally, functional performance

was gauged by experts and sometimes involved physical experiments. However, digital

methods like numerical simulations have become more prevalent, offering cost-effective

and faster evaluations in a partially automated way. This is the essence of computer-

aided engineering (CAE), which employs various numerical techniques based on the

physical aspect being assessed. Finite-element methods (FEM) are used for structural

problems, while finite-volume simulations deal with fluid mechanics. For simulations,

CAD models must be transformed into CAE-compatible models, involving meshing

(discretizing the continuous geometry) to handle complex geometries—a task requir-

ing expertise. Although once set up, a simulation can run autonomously, substantial
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expert input is necessary for initial data preparation. Additionally, simulations de-

mand expensive software licenses, considerable computing power, and time, sometimes

taking minutes to days depending on model complexity. As such, simulation-based de-

sign evaluations remain resource-intensive. In early design stages, experts often rely on

their judgment for functional assessments to conserve time and resources, introducing

certain bias and communication challenges. To mitigate costs and inefficiencies, early

identification of underperforming design variants is key, so that numerical simulations

are reserved for promising designs only. This would enhance objectivity in functional

assessments and reduce the experts’ reliance on them when simulations are overly

costly.

1.2 Generative Engineering Design

In the traditional engineering design process, designs need to be modified repeatedly

to meet predefined requirements. In this design cycle, engineers are tasked with man-

ually adjusting the design based on their expertise due to the lack of intelligent tools,

making it a trial-error process. This involves constructing and simulating designs un-

til achieving an optimal outcome, often without knowing how to improve the design

exactly to reach the desired performance without adversely affecting other aspects.

As a result, the engineering design process tends to be very time-consuming and ex-

pensive, indirectly contributing to the slow development of modern products and the

high cost of new designs. Consequently, this approach is often very time-consuming

and costly, which contributes to the slow pace of modern product development and

the high expenses associated with new designs.

Recently, advanced algorithms either employ explicit programming or implicit

learning to explore design possibilities that meet engineer predefined requirements [138].

This concept has been introduced as the term “generative design” [77] and yielded a

tons of form-finding tools, which shows a great potential in complementing the previous

“form-making” engineering process [153]. Generative design is proposed to support

designers/engineers in developing complex structures, in which algorithms explore pos-

sible design alternatives based on input constrains. In practice, designers or engineers

pre-determine several technical constraints and then develop algorithms to generate or

optimize the design to meet these requirements. Generative design here is further re-

ferred as generative engineering design (GED) and is a subsequent step to parametric

modeling in product development [153]. More specifically, GED helps develop designs

that better or best meet the predefined requirements, whereas the current product
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development relies heavily on the construct-evaluate cycle of human designers [34].

Early computational tools that enable GED tend to be manually-defined pipeline.

For instance, parametric modeling of a structural component allows designers to focus

on shape optimization with limited parameters. These tools help with developing

novel solutions that bypass fixation of human designers, and automate some routine

design processes to improve efficiency [25]. However, these rule-based frameworks rely

heavily on human design expertise and require significant cost in terms of financial

investment and time in the development process. Later, with the rapid development

of artificial intelligence (AI), the advantages of implicit leaning on information and

knowledge encoded in the vast expanse of existing designs has been seen. This part

has been introduced in detail in Section 1.4.

1.3 Deep Generative Modeling

Machine learning is a field of artificial intelligence that enables computers to learn

and improve from experience. It involves the development of algorithms and statis-

tical models that allow systems to perform specific tasks effectively without using

rule-based programming. Prior to the rise of deep learning, a variety of applications

have introduced machine learning techniques, including linear regression [54], deci-

sion trees [132], support vector machines (SVMs) [37], etc. These traditional machine

learning techniques were widely used before the advent of deep learning, which has

since become the dominant approach in many areas of artificial intelligence and data

analysis.

Deep learning is capable of learning meaningful distributions from extensive quan-

tities of data through a deep neural network with millions of trainable parameters.

Starting with the compelling results achieved using autoencoder [59] to reduce the di-

mensionality of large-scale data with neural networks, the era of deep learning begins.

With the introduction of convolutional layers, deep convolutional neural networks (DC-

NNs) can better capture patterns from the locality of pixel dependencies in images

compared to fully-connected neural networks and hereby excel in the vision under-

standing tasks, e.g., the ImageNet classification task [38, 55, 81]. Despite the powerful

learning capacity of deep neural networks, it is not trivial to train such deep architec-

tures with a surge of parameters [47]. More precisely, training deep neural network

suffers from long training time, early saturation, overfitting. To improve the training

stability, a set of approaches are proposed, e.g., rectified linear units (ReLU) [81],

dropout [160], residual block [55], batch normalization [65], etc.
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Meanwhile, a new subfield that is making astonishing breakthroughs is the deep

generative models (DGMs) — deep neural networks (DNNs) that can learn the com-

plex probability distribution of large datasets and generate new samples. Unlike pre-

vious generative models, deep Boltzmann machines [142], generative stochastic net-

works [12] and variational autoencoders (VAE) [75], generative adversarial networks

(GANs) [49, 133] have first yielded convincing results in image generation. Within a

short period of time after that, a series of derivatives have been proposed to further

improve the performance of the vanilla GAN, such as Wasserstein GAN with gradient

penalty (WGAN-GP) [6] to stabilize the training, progressively growing GAN (Pro-

GAN) [70] for producing images of large resolutions, conditional GAN (CGAN) [104]

to enable conditional generation and StyleGAN [72] that allows for intuitive, scale-

specific control of the synthesis. Note that SyleGAN is the first work observes that

the level of the affected feature depends on the scale of the noise input. For example,

tiny noises can edit the curves of the hair, while coarse noises can change gender. Our

work in Chapter 2 is greatly inspired by their observation.

Diffusion models [155] present a novel idea for capturing the data distribution and

generation. Diffusion models did not attract much attention until the convincing im-

plementation of the denoising diffusion probabilistic model (DDPM) [61], which lever-

ages tremendous sampling time to generate images with quality comparable to GANs.

A further developed diffusion model, denoising diffusion implicit model (DDIM) [156],

improves generation speed by trading off image quality. Meanwhile, in the domain of

score-based generation, Song et al. [159] propose to use a stochastic differential equa-

tion (SDE) for the forward process and a corresponding reverse-time SDE for sampling,

which allows continuous diffusion processes. SDE derives a deterministic sampling

process based on a corresponding ordinary differential equation (ODE), that enables

identifiable encoding-decoding and more importantly flexible data manipulation via

latent space. Then, Karras et al. [71] clean the design space of diffusion-based gener-

ative models and propose a novel framework, denoted as EDM. EDM achieves a new

state-of-the-art performance on the generation of CIFAR-10 [80] and ImageNet-64 [38].

Diffusion-based generative models have been introduced in controlling generation and

data manipulation, e.g., interpolation via latent space [61, 159, 156, 41], free-form in-

painting [159, 97] and point-based dragging [150]. These image editing methods tend

to be applied on natural images, e.g., CelebA [94], LSUN bedroom images [192] and

ImageNet [38].

A novel backbone, Transformer (consists solely of attention layers), has achieved

compelling results in text translation task [174], which changes the dominant situation
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of convolutional and recurrent neural networks. Inspired by this, researchers start

introducing attention layer in DGMs for computer vision tasks, e.g., self-attention

GAN [186], which demonstrates superior performance than its contrastive version (i.e.,

GANs without attention layer). As an explanation to this, self-attention mechanism is

able to capture long-range dependencies across image regions, whereas convolutional

layers are restricted due to their limited receptive fields. Inspired by this, we use Self-

Attention Adversarial Latent Autoencoder (SA-ALAE) [165] developed by ourself to

generate cross-section images of car A-pillars, more details can be found in Chapter 6.

Soon after this, introducing attention layers into the DGMs becomes a new standard.

Most recently, Vision Transformer (ViT) [78] that applies a standard Transformer

model directly to images, outperforms CNNs in image recognition tasks and exceeds

the state of the art on many image classification datasets. This breaks the dominance

of convolutional architectures and also the boundaries between the field of neuro-

linguistic processing (NLP) and computer vision. While standard diffusion models

utilize a U-Net architecture [61] to perform the denoising for each step, right after

ViT showing its excellent performance in computer vision, transformer-based diffusion

models (DiTs) [125] are invented.

While diffusion models have efficiently addressed the unstable training issues as-

sociated with GANs, they face a significant drawback: slow sampling speed. This

limitation becomes particularly pronounced when working with high-resolution im-

ages, as both the model size and evaluation times increase exponentially. The latent

diffusion model (LDM) introduced by Rombach et al. [139] mitigates this challenge

by conducting diffusion and denoising processes in a lower-dimensional latent space,

which is encoded from the source data using a pretrained autoencoder. Addition-

ally, LDMs leverage cross-attention layers, making them versatile generators capable

of handling various conditioning inputs, including text, semantic maps (masks for in-

painting), and images. Another approach to improve the sampling speed of diffusion

models involves distilling a pretrained diffusion model into a new model that requires

significantly fewer steps for sampling, all while maintaining sample quality. Recent ad-

vancements in this area include progressive distillation [144], consistency models [157],

adversarial diffusion distillation [145], distribution matching distillation [191].

1.4 Deep Generative Models for Engineering

Deep generative models (DGMs) have been successfully employed to synthesize general

images, e.g., animals, human faces, and landscapes. This promising advancement leads
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to the idea of utilizing DGMs to generate novel structural designs, thereby facilitat-

ing industrial engineering processes. However, industrial design data, e.g., blueprints

or engineering drawings, is fundamentally different from the images of natural scenes.

They contain rich structural patterns and long-range dependencies, which are challeng-

ing for convolution-based DGMs to generate. Recently, some models (PaDGAN [27]

and BézierGAN [28]) are able to generate UIUC Airfoil shapes [170], however, when

it comes to more complicated design like BIKED bicycle designs [137], DGMs fail to

synthesize feasible results [137]. In order to tackle this issue, Fan et al. [165] propose

a novel model self-attention adversarial latent autoencoder (SA-ALAE), which allows

generating feasible design images of complex engineering parts, but still suffers from

unstable training due to the implementation of adversarial training.

Moreover, learning from 2D geometric designs is not sufficient for the rapidly evolv-

ing industry. Huge progress has been made in using modern neural networks to tackle

3D learning tasks. It starts with representing 3D solids in voxels for its compat-

ibility with convolutional mechanism, hereby yielding a set of early 3D generation

models, e.g., 3D-GAN [181] and 3D U-Net [33]. To avoid voxel’s unbearable mem-

ory and computation consumption, researchers have turned their attention to point

clouds [129]: the generation of point clouds can be done by combining an point-cloud

autoencoder and a GAN that is trained in the latent space of the autoencoder [2]; Luo

et al. [98] enable the generation of high-quality 3D point clouds using diffusion models.

In fact, point-based DGMs are extremely inefficient at modeling sparse data, and the

lack of neighborhood information leads to poor model performance. Point-voxel CNN

(PVCNN) [93] breaks the isolation wall between point cloud and voxel, the proposal of

point-voxel diffusion (PVD) can significantly improve the fidelity of generated shapes.

Most recently, LION [194] combines various advancements, such as PVCNN and la-

tent diffusion model (LDM) [139], and achieves the novel state-of-the-art quality of

generation results.

However, the usability of point clouds in industrial applications is limited. More

precisely, point clouds often fail to accurately represent the complex shapes and ge-

ometries encountered in industrial settings. The rendered meshes derived from these

point clouds can not be used for simulations, limiting their practical utility. In con-

trast, meshes [96, 154] are much more commonly used form in industry, as the native

representation of many CAE software and Finite Element tools. Nevertheless, due to

the non-uniform representation of meshes (which consist of nodes and edges), it’s non-

trivial to leverage CNNs. To tackle this, MeshCNN [53] has been designed to enable

the use of CNN on irregular mesh data forms, and has achieved initial success in direct
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mesh learning. Afterwards, substantial progress has been made in directly learning

on meshes, e.g., convolutional mesh autoencoder (CoMA) [135], MeshGAN [30] and

MeshingNet [199]. Most recently, researchers [32, 151, 64] in this field have greatly

facilitated the solid generation task with the implicit representation signed distance

field (SDF) [162].

Despite the considerable progress made in learning from various solid representa-

tions, it is more natural and advantageous to learn directly from Boundary Represen-

tation (B-Rep) [177]: B-Rep is more precise, easier to manipulate, and takes up less

memory [56]. However, directly learning B-Rep entities remains challenging because

B-Rep consists of parametric surfaces, parametric curves and vertices. These entities

need to be trimmed and sowed to become solid models. Also, B-Reps store adjacency

information for neighbouring edges and vertices, allowing the structure to provide a

complete description of the final entity shape [187]. DeepCAD [182] is able to generate

CAD source data, i.e., STEP files, by learning each CAD model as a sequence of mod-

eling operations such as sketching and extruding. Following this idea, a set of works

have been done, e.g., Datasets (DeepCAD [182] and Fusion 360 gallery [180]), CAD

generative models [85, 188] and STEP-based learning models [102]. However, these

works mainly focus on CAD models, the modeling operations of which are limited to

sketching and stretching, and they are difficult to scale [66].

To directly consume the geometric and topological information from B-Rep data,

recent attempts convert the B-Rep into a graph, then pass through a graph neural

network (GNN), hereby performing learning tasks such as face segmentation or solid

classification [5, 67, 36]. Prediction accuracy has been significantly improved by in-

creasing the information added to the graph, i.e., from using face normal and distance

to origin as node feature in CADNet [36] to additionally introducing UV-grids, trim-

ming mask and curve geometries into the graph in UV-Net [67]. While converting

B-Rep to graphs performs well in shape classification and segmentation tasks, in the

field of solid generation, B-Rep is often represented as a predefined hierarchical struc-

ture and generated by autoregressive prediction of B-Rep entities. This approach has

given rise to some convincing methods, such as SolidGen [66] and BrepGen [187].

It is worth noting that current solid generation research is avoiding the generation

of parametric surfaces with their natural representations — non-uniform rational B-

splines (NURBS) [128]. However, as a structured form of a point cloud, UV-grids

suffer from inefficient memory consumption, inaccurate surface representation, and

cubic growth of computing costs with the complexity of the surface.
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1.5 Publications

Most of the work in this dissertation has been previously published. The content of

this dissertation includes the following papers:

[167] Jiajie Fan, Laure Vuaille, Thomas Bäck, and Hao Wang. On the noise schedul-

ing for generating plausible designs with diffusion models. CoRR, abs/2411.10848,

2023.

This work addresses the issue of poor plausibility of results generated by dif-

fusion models by proposing a novel noise scheduling method, which is demon-

strated in Chapter 2. Upon completion of this dissertation, this paper has been

submitted to the Computer Graphics Forum and is currently under review.

[164] Jiajie Fan, Amal Trigui, Thomas Bäck, and Hao Wang. Enhancing plausibility

evaluation for generated designs with denoising autoencoder. In Aleš Leonardis,

Elisa Ricci, Stefan Roth, Olga Russakovsky, Torsten Sattler, and Gül Varol,

editors, Computer Vision – ECCV 2024, pages 88–105, Cham, 2025. Springer

Nature Switzerland.

To address the challenge of automatically evaluating result plausibility for assess-

ing DGMs, we designed a new metric FDD in this work. See detailed description

in Chapter 3.

[168] Jiajie Fan, Amal Trigui, Andrea Bonfanti, Felix Dietrich, Thomas Bäck, and

Hao Wang. A mesh is worth 512 numbers: Spectral-domain diffusion modeling

for high-dimension shape generation. arXiv preprint arXiv/2503.06485, 2025.

This work enables a training-free encoding method for high-dimensional shape

data, where the encoded features are proven to be learnable with DGMs. We

introduce this work in Chapter 4. Upon completion of this dissertation, this

paper has been accepted for 2026 IEEE Conference on Artificial Intelligence

(CAI). Following our presentation of the paper at the conference, it will be

included in the IEEE Xplore.

[166] Jiajie Fan, Babak Gholami, Thomas Bäck, and Hao Wang. NeuroNURBS:

Learning efficient surface representations for 3D solids. CoRR, abs/2411.10848,

2024.

In this work, we addressed the challenge of learning directly on parametric ge-

ometries (i.e., NURBS surfaces) and successfully applied it to various down-

stream tasks, such as solid generation and solid segmentation. We demonstrate
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this work in Chapter 5. This work spawned numerous subsequent peer-reviewed

papers, making significant contributions to the field of AI-assisted computer-

aided design, such as: from NURBS to neural network [147], TPDLF [189],

GEOM-GNN [17], NURBGen [172] and BrepARG [89]. Upon completion of

this dissertation, this paper has been submitted to the ACM Transactions on

Graphics and is currently under review.

[165] Jiajie Fan, Laure Vuaille, Thomas Bäck, and Hao Wang. Adversarial latent

autoencoder with self-attention for structural image synthesis. In 2024 IEEE

Conference on Artificial Intelligence (CAI), pages 119–124, 2024.

As an early work in this thesis, we proposed SA-ALAE in this paper and evalu-

ated it on real-world engineering designs — 2D blueprints of car A-pillar design.

More details can be found in Section 6.2.3.

1.5.1 Other Work

Besides the papers that form the content of this thesis, I have also been involved in

the conceptualization, writing, and review process of the following paper:

[110] Phillip Mueller, Talip Uenlue, Sebastian Schmidt, Marcel Kollovieh, Jiajie Fan,

Stephan Günnemann, and Lars Mikelsons. Geodiffusion: A training-free frame-

work for accurate 3d geometric conditioning in image generation. In Proceedings

of the IEEE/CVF International Conference on Computer Vision (ICCV), pages

6374–6384, October 2025. In this work, we addressed the challenge of condi-

tioning generative models on 3D parametric geometries (via our “training-free”

framework) and demonstrated its efficacy across accurate geometry alignment

and downstream editing tasks.



Chapter 2

Generation of Plausible

Designs

In generative engineering design, the task of DGM is to generate structural meaningful

designs, which refers to the plausibility criterion in the field of DGM. This chapter

studies the diffusion model (the state-of-the-art DGM backbone) for structural designs

and proposes a solution that prioritizes the plausibility when using DGMs in generating

designs, aiming to addressing the research question 1: How to prioritize plausibility

in generation with DGMs? The content of this chapter has been published in the

paper [167].

(a) Implausible bicycles generated by EDM [71]

(b) Bicycles generated by our PoDM [167]

Figure 2.1: Generated bicycle designs. Our work aims to minimize the proportion of
implausible designs generated by focusing on a certain range of noise levels.
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2.1 Introduction

Diffusion-based generative models have been reported to surpass GANs [49, 133, 72,

165] in various image synthesis tasks [61, 41, 71]. Despite the success of diffusion-

based models, several issues exist to address when generating design structures. For

instance, denoising diffusion probabilistic models (DDPM) [61] can generate structure

images with high visual quality; however, it suffers from a slow generation speed due

to the usage of an excessive number of denoising steps [79, 156, 71]. As a remedy, the

denoising diffusion implicit model (DDIM) [156] greatly reduces the denoising steps,

which, however, compromises the visual quality. Recently, the influential work “Elu-

cidating the Design Space of Diffusion-Based Generative Models” (which introduced

the method termed EDM) [71] incorporated a probability distribution to sample noise

levels during the denoising process. This approach enhances generation speed while

maintaining satisfactory visual quality, particularly excelling in rendering image de-

tails such as human hair curls and skin pores. However, when assessing the plausibility

of the generated design images, we observe that the EDM often produces structurally

implausible images, see Figure 2.1a.

𝑥(0) 𝑥(𝑡!) 𝑥(𝑇)

𝑥(𝑇)~𝑁(0, 𝜎"#$! 𝐼)x(0)~𝑞%#&#
forward (di-using)

reverse (denoising)

t' = 𝜎()% 𝑡! = 𝜎*&#+&

𝑥(𝑡') plausibility-relevant

structure 
modeling

Figure 2.2: Forward and reverse processes of diffusion models in directed graphs, with a
highlight on the plausibility-relevant range of noise levels, i.e., [σend, σstart].

For the denoising process, recent research has explored the impact of the noise

schedule on the properties of generated images [114, 158, 159, 71]. For example, while

lower noise levels can enhance the quality of image details [71], higher noise levels can

affect the diversity of generated results [158]. In this chapter, we discover that in using

diffusion models, there exists a plausibility-relevant range of noise levels that predom-

inantly affect the plausibility of the images (see Figure 2.4). More importantly, this

range can be determined by the evolution of pixel-value distributions in the forward

diffusion process (see Section 2.2.2). We visualize the plausibility-relevant range and

its relevance to structural generation in Figure 2.2. To determine the plausibility-
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relevant range, we simulate the forward diffusion process on real structural designs

and trace the distribution of pixel values as the noise level increases. We observe

that the disappearance of the structural signal has a clear corresponding phase in the

development of pixel-value distributions.

Taking this observation, we modify the training and generation procedures of EDM

to prioritize sampling the noise levels in the plausibility-relevant range (see Figure 2.3a

for an illustration), resulting in a new method, plausibility-oriented diffusion model

(PoDM). We experimentally test PoDM on three datasets, the BIKED dataset [137]

(see some generated examples in Figure 2.1b), Seeing3DChairs [7] and Shoes [193],

in terms of the following metrics: (1) Fréchet inception distance (FID) [58] for visual

quality. FID measures how close the generated data distribution is to the real data

distribution by comparing their feature representations extracted from a pretrained

network: lower FID scores indicate more realistic and higher-quality generations. FID

has served as the golden standard metric in generative modeling since it exists. We

defer the detailed introduction of FID in Chapter 3; (2) plausible design rate (PDR),

the proportion of plausible designs for 1 000 evaluated images (see Section 2.3.2 for

details); and (3) frames per second (FPS) for generation speed. On the BIKED data,

our PoDM outperforms EDM on PDR: 93.5% (PoDM) vs. 83.4% (EDM) and on FID:

4.87 (PoDM) vs. 7.84 (EDM), while achieves comparable FPS with EDM. Compared

to DDPM, PoDM has a comparable PDR value (PDR: 94%, FID: 11.77) but is ca.

15× faster in terms of FPS.

Lastly, we further test the performance of PoDM in incorporating modern image-

editing methods, e.g., inpainting, interpolation via latent space and point-based drag-

ging, and hereby manipulating structure.

2.2 Plausibility-oriented Diffusion Modeling

2.2.1 Background

We built up our contribution based on the stochastic differential equation (SDE) model

of the diffusion process [159, 71]. Given a data point x ∈ Rd, we corrupt it with the

following forward Itô SDE [116]:

dx = f(x, t)dt+ g(t)dBt, (2.1)

where f : Rd × [0, T ] → Rd is the drift vector, g : [0, T ] → R is the dispersion co-

efficient, and Bt ∈ Rd is the standard Brownian motion. Notably, f and g, are
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Figure 2.3: (a) We showcase the plausibility-relevant noise range [σend, σstart] (dashed
interval) computed on the BIKED dataset with the techniques proposed in Section 2.2.2.
For the denoising process, our PoDM method takes an exponentially decaying schedule (blue
and orange curves) with a parameter ρ controlling the decay rate. PoDM method determines
the minimal/maximal noise levels of the schedule (σmin and σmax, respectively) based on
[σend, σstart] (Equation (2.8)). As for the noise levels sampled in the training process, our
PoDM method uses a log-normal density concentrating on [σend, σstart] (the orange histogram
shown vertically), in contrast to the fixed distribution used in EDM (the red histogram). (b)
For PoDM and EDM, we depict the magnitude of the score function (Equation (2.2)) at
different noise levels, which is compared to the density of the noise levels in the training and
denoising steps. The noise density in the denoising process of PoDM matches closely with
the score function.



2.2 Plausibility-oriented Diffusion Modeling 19

pre-determined by the user and have no trainable parameters. The corresponding

reverse-time/backward SDE is [4]:

dx = [f(x, τ)− g(τ)2∇x log p(x, τ)]dτ + g(τ)dBτ , (2.2)

where τ goes from T to 0, p(x, τ) is the probability density of x at τ in the forward

process, and ∇x log p(x, τ) is known as the score function. The flow of probability

mass in Equation (2.2) can be equivalently described by an ordinary differential equa-

tion (ODE) [100, 159, 71]:

dx

dτ
= f(x, τ)− g(τ)2∇x log p(x, τ). (2.3)

We follow the choice of the drift and dispersion terms in [71] (a.k.a. EDM):

f(x, τ) = 0, g(τ) =
√
2σ(τ), σ(τ) = τ,

and the score function is approximated by ∇x log p(x, τ) = (Dθ(x;σ(τ)) − x)/σ(τ)
2
,

where Dθ is a neural network trained on samples drawn from the forward SDE (see [71]

for details on the loss function). Due to the above choice, σ and τ are interchangeable

henceforth. To solve/sample from Equation (2.3), an N time-step discretization is

used with the following noise schedule: σN = 0,∀i ∈ [0..N − 1]:

σi =

(
σ

1
ρ
max +

i

N − 1
(σ

1
ρ

min − σ
1
ρ
max)

)ρ

, (2.4)

where σ0 = σmax and σN−1 = σmin. EMD recommends the setting: σmin = 0.002, σmax =

80, ρ = 7. The exponent ρ affects how much the steps near σmin are shortened at the

cost of longer step length near σmax. In the stochastic sampling procedure, we denote

by xi the data point obtained at σi. We first increase the noise level slightly and

perturb xi:

x′
i = xi +

√
σ̂2
i − σ2

iN (0, S2
noiseI), (2.5)

σ̂i = σi

(
1 + 1[Smin, Smax](σi)min

(
Schurn/N,

√
2− 1

))
, (2.6)

where Schurn controls the degree of randomness in sampling: Schurn = 0 realizes de-

terministic generation. Afterwards, we apply the reverse-time ODE (Equation (2.3))

with x′
i from σ̂i to σi+1. The default settings of stochastic sampling are: Schurn =

40, Smin = 0.05, Smin = 50, Snoise = 1.003. The training data of Dθ(x;σ(t)) are
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Table 2.1: Grid search results of the parameter ρ of the noise schedule on the BIKED data
w.r.t. three performance metrics. The column rp measures the proportion of noise levels
falling into the plausibility-relevant range, which is strongly correlated with the performance
metrics.

ρ rp FID↓ DPS↑ PDR↑
1 0.10 12.67 4.70 82.8%
3 0.28 5.64 4.81 88.6%
5 0.31 5.25 4.88 89.6%
7 0.32 4.87 4.90 93.5%
9 0.32 5.18 4.87 91.5%

sampled from Equation (2.1) with a log-normal distribution: ln(σ) ∼ N (Pmean, P
2
std).

In [71], the following empirical setting is suggested: Pmean = −1.2, Pstd = 1.2.

2.2.2 Noise Range Relevant to Plausibility

We conjecture that in the forward/backward diffusion process, there exist a range

of noises that plays a crucial role in object construction. We validate it by running

the forward process with fine-grained noise levels: starting with a source image x(0)

(the pixel values are standardized to [−1, 1] before adding the Gaussian noise), we

keep adding small Gaussian noises thereto until its pixel-value distribution becomes

indistinguishable from a Gaussian: x(t) = x(0) + 0.1t × N (0, I). In Figure 2.4b, we

show the pixel-value distribution at intermediate time steps computed from 100 images

sampled from BIKED [137]. The BIKED images consist of a single bicycle object and

a monotone background. We depict the pixel-value distribution separately for the

object and the background (the red and blue histograms, respectively). We observe

three phases: (1) from the beginning to the first time when the pixel-value distribution

of the bicycle converges to a Gaussian, i.e., σ ∈ [0, 0.6]. The pixel-value distribution

of the bicycle is substantially different from that of the background in this phase;

(2) the bicycle structure starts to fade away while the pixel-value distribution thereof

overlaps more with the background, i.e., for σ ∈ [0.6, 6.0]; (3) the bicycle structure

almost disappears for σ > 6. Empirically, we assume that the noise range (σ ∈ [0.6, 6]

in Figure 2.4) in which the bicycle structure fades away determines the plausibility

of the generated structural design. We denote this noise range as [σend, σstart] and

propose two techniques to determine this interval.

Technique 1 Choose σend to be the largest noise level at which the object pixel values

are not normally distributed according to the Shapiro-Wilk test with a significance level
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(a) FFHQ [72] (resolution: 64× 64)

(b) BIKED [137] (resolution: 256× 256)

(c) Distribution of latent features extracted from the BIKED data [137] with a convolutional
autoencoder.

Figure 2.4: Evolution of the pixel-value distribution in perturbation experiments for (a)
FFHQ, a real-world data set, and (b) the BIKED data, a set of design structures. In (c),
we show the evolution of the latent-value distribution after encoding the BIKED data into a
64-dimensional space with a convolutional autoencoder.
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(a) Shapiro-Wilk test to determine σend (b) KS test to determine σstart

Figure 2.5: On the BIKED data, (a) we illustrate Technique 1 by plotting the p-value
of the Shapiro-Wilk test computed from 100 randomly picked images, which are perturbed
by different noise levels; (b) for Technique 2, we show the Kolmogorov-Smirnov (KS) test
between the bicycle’s and background’s pixel-value distribution as a function of the noise
levels. In both plots, the variability is depicted as the shaded region.

of 0.01.

In a sampling process, σend is the noise level at which the generation is struc-

turally finalized and object pixel values remain normally distributed. Denoising with

noise levels of σ ⩽ σend performs a refinement, during which the backward process

approximates the object pixel values from a normal distribution to a local data dis-

tribution. To estimate σend, we propose to use the Shapiro-Wilk test [149] to track

the distribution of the object’s pixel values during the perturbation test. As displayed

in Figure 2.5a, the measured p-value increases with the noise level. In practice, specific

dataset might exist, where the object pixel-value distribution is already Gaussian dis-

tributed, here we set a minimum limitation of σend to be 0.08 (converting the default

parameter values of EDM to our parameter system, we obtain the value σend = 0.08).

Technique 2: Choose σstart to be the noise level at which pixel-value distributions of

object and background are sufficiently close, with the p-value of a Kolmogorov-Smirnov

test begins to diverge.

In the synthesis of structural design images, σstart is the noise level at which the

structural formation begins, i.e., pixels of objects begin to distinguish themselves from

pixels of the background. To measure such a difference, we first approximate the pixel-

value distributions of the object and background with Gaussians, respectively, and

then conduct the Kolmogorov-Smirnov test between the two Gaussian approximations.

As shown in Figure 2.5b, σstart is taken when the curve of p-value measured in the
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Kolmogorov-Smirnov test begins to diverge.

Our work gives an insight into defining the plausibility-relevant range of noise levels

so that the training and sampling effort can prioritize this range. By implementing our

two techniques, for BIKED images, we determine σend to be 0.6 and σstart to be 5.3.

This observation can also be seen in real-world images, such as those from FFHQ [72].

Since it is difficult to automatically separate faces from backgrounds, we first track the

distribution of pixel values in each RGB channel without distinguish pixels of faces

and of backgrounds: as seen in Figure 2.4a, the distribution of pixel values in each

color channel starts from an irregular distribution, gradually converges to a Gaussian

distribution (at about σ = 0.60), and then overlaps each other at a certain noise scale

(at about σ = 0.60). To showcase that the above observation can also be seen in the

latent diffusion models [139], we first encode 100 BIKED images with a convolutional

autoencoder trained on BIKED into a 64-dimensional latent space and then show the

evolution of the latent-value distribution (see Figure 2.4). We observe a pretty similar

trend in the latent-value distribution as with the pixel-value distribution. Note that

the plausibility of design images, i.e., BIKED [137] and Seeing3DChairs [7], is easier

to assess, the background can be automatically separated from the main object, and

therefore the plausibility-relevant noise range can be more accurately estimated. Thus,

this work will focus on structural designs to demonstrate the efficiency of our proposal.

Analysis on more datasets In Figure 2.6 and Figure 2.7, we additionally plot

the pixel-value distribution during the perturbation experiment on datasets, e.g., the

Seeing3DChairs [7] and Shoes [193].

Figure 2.6: Evolution of the pixel-value distribution in perturbation experiments for Chair
designs. In the top row, all pixel values are plotted as histograms in gray, while in the next
row, the pixels are divided into background pixels and target pixels and then plotted as
histograms.
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Figure 2.7: Evolution of the pixel-value distribution in perturbation experiments for Shoes
designs. In the top row, we plot the pixel values of the three R-G-B channels as the corre-
sponding colors; while in the bottom row, we disregard the color channels and divide them
into pixel values (background) and pixel values (object). This plot shows that design images
with color channels still follow our observation.

With color images in the FFHQ [72] data set, we track the pixel-value distribution

for each color channel with object (human face) and the background separated in

two distributions. In Figure 2.8, we plot the evolution of the pixel-value distribution

in perturbation experiments. It can be clearly seen that the evolutionary process of

FFHQ images is the same as the evolutionary process of the BIKED images, where

the three phases can be observed.

Figure 2.8: Evolution of the pixel-value distribution in perturbation experiments for
FFHQ [72] (resolution: 64× 64). Here, we manually separate the face from the background
pixels. Rows from up to down: the R, G, B color channels and the grayscale.
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2.2.3 Training and Generation Procedures

We modify the training and generation procedures so that our diffusion model can

concentrate on the plausibility-relevant range of noise levels.

Noise density in training For the structure images, the generation of the structure

takes place mostly in the noise range [σend, σstart] while the noise levels that are too

small or large have marginal effects on the plausibility of the final outcome. Hence,

it is sensible to sample more noise levels in this interval from the forward SDE. We

propose the following log-normal distribution to sample noise levels:

ln(σ) ∼ N (µ, ζ2), µ =
ln(σstart) + ln(σend)

2
, ζ =

ln(σstart)− ln(σend)

2
, (2.7)

which implies Pr(σ ∈ [σend, σstart]) ≈ 68%. In this method, the majority of the noise

levels are drawn in [σend, σstart] while we have ca. 32% probability to sample noise

levels at the beginning and the end of the forward process.

Noise schedule for image generation In the backward diffusion process (Equa-

tion (2.3)), there are two important factors w.r.t. the noise levels: (1) the noise range

[σmin, σmax] in which we apply the ODE (Equation (2.3)) and (2) the decaying noise

schedule. For the former, we determine the range based on the training noise density as

follows: Equation (2.7) implies that the score function∇x log p(x, σ) is trained on noise

levels drawn almost in [µ−3ζ, µ+3ζ], i.e., Pr(log(σ) ∈ [µ−3ζ, µ+3ζ]) ≈ 99.7%. There-

fore, when sampling new images, applying the reverse-time ODE out of [µ−3ζ, µ+3ζ]

requires the score function to extrapolate, which we have no guarantee about its ac-

curacy. Hence, we set

log σmin = µ− 3ζ = 2 log σend − log σstart , (2.8)

log σmax = µ+ 3ζ = 2 log σstart − log σend . (2.9)

For the latter, we follow the exponential decay in Equation (2.4), where, in addition,

we tune the hyperparameter ρ for the BIKED dataset. In Table 2.1, we summarize

the tuning results from a simple grid search, where ρ = 7 is the best setting. Also, we

observe that the performance metrics (e.g., FID, DPS, and PDR) are quite sensitive

to ρ, suggesting that tuning this parameter is necessary across different structural

image data. Moreover, we calculate the proportion of the noise levels {σN−1, . . . , σ0}
(determined by Equation (2.4)) falling into the plausibility-relevant range [σend, σstart],

which we call the prioritization density rp. It measures how much training effort is
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targeted at the structure modeling. In Figure 2.3 and Table 2.1, we show rp with

varying hyperparameter ρ, and we observe that the performance metrics are positively

related to it.

We demonstrate a theoretical insight into the noise schedule in Figure 2.3b. On

the BIKED data, we depict the norm of score function ∇x⃗ log p(x⃗, σ(t)) over noise

levels. Comparing it with the histograms of the noise schedule, we see that PoDM’s

noise scheduling in sampling/denoising is concordant with the score function, meaning

that finer steps of simulating the backward ODE/SDE (see Equation (2.3)) are taken

where the norm of the score function is large. We argue that it is sensible to do so

since the score function is the major drift term of the backward ODE/SDE.

2.3 Evaluation and Results

In this section, we compare PoDM with several cutting-edge models: the founda-

tional Denoising Diffusion Probabilistic Models (DDPM) by Ho et al. [61], the faster-

sampling variant Denoising Diffusion Implicit Models (DDIM) by Song et al. [156],

the highly-tuned design-space model Elucidating the Design Space of Diffusion-Based

Generative Models (EDM) by Karras et al. [71], and also the non-diffusion generative

model Adversarial Latent Autoencoder with Self-Attention for Structural Image Syn-

thesis (SA-ALAE) [165]. We selected these models because they together provide a

broad spectrum of generative modeling approaches, sampling schemes, and architec-

tural innovations: DDPM serves as the basic diffusion baseline; DDIM introduces a

practical improvement in sampling efficiency; EDM represents the state of the art in

diffusion-model design choices (including noise scheduling, preconditioning and sam-

pling strategies); and SA-ALAE offers a useful structural-design-specific comparison

beyond diffusion models, targeting complex engineering images.

By benchmarking PoDM against these four models, we are able to situate our

contributions with respect to both the canonical diffusion approach (DDPM) and

more advanced variants (DDIM, EDM) that already address sampling speed, noise

schedule or other design choices, as well as against a structurally-focused adversarial

model (SA-ALAE) from the engineering-design domain. Such a comparison allows

us to evaluate how much PoDM’s novel noise-scheduling strategy adds (i) over the

vanilla diffusion chain, (ii) relative to diffusion models that already optimize schedule

or sampling protocol, and (iii) in the specific context of plausible structural image

synthesis typified by engineering blueprints rather than natural images.
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2.3.1 Training Configurations

Our work utilizes the model architecture from the DDIM [156] repository for all

diffusion-based models, which follows the U-Net proposed by Ho et al. [61]. More

precisely, the implemented model has six feature map resolutions from 256 × 256 to

4 × 4, one residual block for each upsampling/downsampling, and an attention layer

at the feature map resolution of 16 × 16. For sampling with DDPM and DDIM, we

use the same trained model with default training settings, i.e., timesteps of 1 000 and

linear schedule of β with β0 = 10−4, βT = 0.02. For EDM, we remove EDM’s precon-

ditions, since they did not bring much enhancement to the results according to their

experiments, and implement their noise schedules for both training and sampling with

default parameters, i.e., σmin = 2× 10−3, σmax = 80, ρ = 7, Pmean = −1.2, Pstd = 1.2.

For our PoDM, we determine σstart = 5.3 and σend = 0.6 by analyzing the BIKED

dataset and inheriting the loss function from EDM. For stochastic sampling in both

EDM and our PoDM, we allow the “churn” modification (Equation (2.5)) for all sam-

pling steps, i.e., Smin = 0, Smax = ∞, and set the Schurn to 5. For DDIM, we use 50 as

the number of sampling steps, whereas for both EDM and our PoDM, the number of

sampling steps is set to 18. The set “Standardized Images” from BIKED Dataset [137]

contains 4 512 grayscale pixel-based images with original shape of 1 536×710. We pad

them with background pixels to a square form with the shape of 1 536× 1 536. Then,

we reshape these images into a resolution of 256×256 with the scale of [−1, 1] in order

to maintain the height-width ratio and ease the complexity in generation. From the

whole dataset, we randomly select 100 images for validation, 1 000 images for testing,

and the rest of the images for training. We run training on four NVIDIA DGX-2’s

Tesla V100 GPUs with a batch size of 32 and a learning rate of 5 × 10−5. Model

parameters are saved every 1 000 steps. If the loss converges, we keep training until

100 000 steps and then stop it when the denoising loss does not decrease for 20 epochs.

For each model, we select the best-performing model within the saved checkpoints in

the last 20 000 steps.

2.3.2 Results

In our work, we evaluate the generative models regarding sampling speed, visual qual-

ity, and design plausibility. For the sampling speed, we simply record the sampling

time for generating 5 000 images and calculate the sampling speed in FPS (frames per

second) for each model. For visual quality, we further use the 5 000 images generated

and calculate the FID [58] between the test images and the generated images. The
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Figure 2.9: On the BIKED data, we show two performance views of the five considered
generative models: FID vs. FPS and design plausibility score (DPS) vs. FPS.

measured FIDs are displayed in Figure 2.9.

To quantitatively evaluate the plausibility of generated designs, we implement a

human evaluation method, in which the human evaluator bypasses visual qualities

(e.g., blurriness and background noise) and scores the represented design in terms of

plausibility. We refer to the evaluation score as the design plausibility score (DPS).

In this work, the generated bicycle designs are evaluated using a five-point scoring

system based on the following criteria:

• No missing fundamental part;

• No floating material or extra part;

• Every part is complete;

• Parts are connected;

• Rational positioning.

For generative model considered, we randomly select 1 000 samples from the 5 000

generated bicycle images. We shuffle all selected images and keep tracking their DPS

in a manner that associates each image’s score with its corresponding model. This

experiment aims to prevent potential biases in the evaluation of the generated images

by individual target models and to sustain a uniform evaluation standard across all

images. We record the measured DPSs in Figure 2.10 and an average DPS for each

model in Figure 2.9. Besides, we calculate the (PDR), which is the proportion of

plausible designs, i.e., designs with DPS of 5, in 1 000 generated images.
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Figure 2.10: On the BIKED data, we show the detailed empirical distribution of the design
plausibility scores measured for each model.

On the BIKED data, we first show the overall performance values in Figure 2.9:

our PoDM achieves a compelling FID of 4.87, a satisfactory DPS of 4.90, and a high

plausible design rate of 93.5%. DDPM [61] requires the longest sampling time of

5.26 seconds for each image but performs decently well in terms of image quality, i.e.,

FID of 11.77, and design plausibility, i.e., DPS of 4.93 with only 6.0% implausible

outcomes. As shown in Figure 2.9, EDM [71] can significantly improve the sampling

speed to 2.85 FPS and even enhance the visual quality to a FID of 7.84. However,

EDM performs poorly in design plausibility compared to PoDM, i.e., DPS of 4.75 and

a plausible design rate of 83.4%. As seen, DDIM and EDM demonstrate a trade-

off between visual quality and plausibility of generated images, whereas the DDPM

leverages extremely slow sampling speed to perform decently in both aspects. We need

to address that although it seems that DDPM’s DPS value (= 4.93) is slightly higher

than PoDM’s (= 4.90), there is actually no statistical difference between them (based

on a Mann–Whitney U test). Hence, we state that our PoDM method can achieve the

same design plausibility, a better FID, and a much faster generation/sampling speed

than DDPM.

In Figure 2.16, Figure 2.17, Figure 2.18, Figure 2.19, Figure 2.20, we plot a certain

number of randomly generated bicycle designs for each model trained on the BIKED

dataset, respectively. Here, we provide the results for the qualitative evaluation.

We additionally train PoDM and EDM on Seeing3Dchair [7] images of resolution
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(a) Chairs generated by EDM with scores: DPS-4.13, DPR-51.5%, FID-33.48

(b) Chairs generated by our PoDM with scores: DPS-4.65, DPR-74.5%, FID-32.15

Figure 2.11: Generated chair designs with limited training epochs

(128×128) with only 100 epochs. After training, we showcase the generated designs for

a visual comparison in Figure 2.11. Visually, PoDM generates much more plausible

chairs than EDM. Measured on 1k generated images, the mean design plausibility

score (DPS) and design plausibility rate (DPR: DPS=5) are: PoDM (DPS 4.65, DPR

74.5%, FID 32.15); EDM (DPS 4.13, DPR 51.5%, FID 33.48). Overall, we state that

our method can significantly improve the speed of generating structural designs while

maintaining their plausibility.
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2.3.3 Alignment Test

It is not surprising that the most-used automatic metrics in the generative modeling

community do not align well with human judgments and fail to capture the plausibility

of generated designs. To demonstrate this, we visualize the correlation between human

evaluation results and metrics results in Figure 2.12.

In our procedure we collect human plausibility ratings for generated designs and

compare them with automatic metric scores: Fréchet Inception Distance (FID), which

measures the distance between the distribution of generated images and the distribu-

tion of reference real images based on deep feature statistics; the Structural Similarity

Index (SSIM), which assesses luminance, contrast and structural similarity between

two images; and the Learned Perceptual Image Patch Similarity (LPIPS), which com-

putes deep-feature distances learned to match human perceptual judgments. What we

observe is only a weak or moderate alignment: designs judged more plausible by hu-

mans do not consistently receive better metric scores. This highlights a risk of relying

solely on these metrics when structural plausibility is the focus of evaluation.

Figure 2.12: Alignment test. Here we test the alignment between human evaluation results
(design plausibility score) and various metric results. The plot shows that non of them have
a strong correlation to the human evaluation.

2.4 Controllable Generation and Design Editing

In this section, we test the PoDM’s understanding of structural design space by ap-

plying cutting-edge image editing methods, e.g., interpolation via latent space, point-

based dragging and inpainting, on bicycle designs.

Interpolation via latent space Interpolation via latent space can be quite useful



32 Chapter 2 Generation of Plausible Designs

(a) Interpolation with latent space set at noise level σmax

(b) Interpolation with latent space set at noise level σstart

Figure 2.13: PoDM-driven structural interpolation via latent space set at various per-
turbation steps. In (a), the reconstruction has a poor accuracy, and interpolation fails to
produce intermediate structures. In (b), the interpolation displays a smooth transformation
between two source structures.

in exploring structural design space. After encoding a source data x(0) to pure noise

x(T ) via the forward process, the diffusion model is supposed to decode x(T ) back to

x(0) by utilizing a corresponding ODE [159]. However, in our implementation shown

in Figure 2.13a, PoDM-motivated reconstruction has poor accuracy, which might be

caused by the prioritizing strategy. We argue that it is unnecessary to conduct the

forward process completely, instead, perturbed images at noise level σstart retain good

reversibility. Taking images at noise level σstart as latent code allows well-performing

reconstruction and interpolation, as shown in Figure 2.13b.

Point-based dragging As a novel image editing method, point-based dragging [122,

150] can precisely and iteratively “drag” the handle point to a target point and the

remaining parts of the image will be correspondingly updated to maintain the realism.

We implement DragDiffussion [150] on BIKED images and plot the results in Fig-

ure 2.14a. To the best of our knowledge, our work is the first to apply point-based

dragging on structural design.

Extending the target design geometry is common in the day-to-day work of engi-

neering, but it is still very time-consuming because engineers need to manually modify

each related part to edit the geometry of the final design. Meanwhile, our work has

shown that after the DGM is trained with historical design data and the geometric

dependencies among parts are captured accordingly, the DGM can perform this drag-

ging task. In Figure 2.15a, we showcase the advantages of using DGMs in geometric

editing tasks. Inspired by this, we assume that with the same optimization pipeline,
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(a) PoDM-driven structure editing with DragDiffusion [150]

(b) PoDM-driven inpainting with RePaint [97]

Figure 2.14: PoDM-driven structural interpolation via latent space set at various pertur-
bation steps. In (a), from left to right, the handle point is iteratively dragged from the initial
handle point (blue) towards the selected target point (red). In (b), the part enclosed by a
dashed line is redesigned with RePaint.

DGMs can also modify the target design to achieve better functional performances,

which will be detailed described in Section 6.1.

Inpainting In an inpainting task, the generative model is tasked to generate the

inpainting area to match the known part. A DDPM-based inpainting mechanism, Re-

Paint [97], has achieved the state-of-the-art performance on diffusion-based inpainting

tasks by utilizing the known part as guidance at each step. We adapt RePaint to our

PoDM and test it on BIKED images. The inpainting results are shown in Figure 2.14b.

2.5 Conclusion

When generating engineering designs with DGM, the primary task is to ensure that the

generated design is reasonable, whereas the current DGM cannot achieve this well. We

observe that the performance of the diffusion-based generative models exhibits a trade-
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Task: make the bicycle 5% shorter

GenAI: I understand the structure, so I can 
automatically finish the task J

Engineer: there is no smart tool, I must
modify each part…

(a) Intuitive design editing task

§ light weighting
§ safety score
§ physical performance
§ …

Task: improve the functional performance

(b) Function-oriented design editing task

Figure 2.15: Scenarios of engineering day-to-day operation tasks. Inspired by the geomet-
ric operation task shown in (a), we assume that with the same optimization pipeline DGMs
can also edit the design to achieve a better functional performance.

off among visual quality, the plausibility of generated images, and sampling time. We

assume that there is a range of noise levels, that is responsible for the plausibility of the

outcome, especially in generating structures. Following this observation, we propose

a plausible-oriented diffusion model (PoDM) that leverages a novel noise schedule to

prioritize this range of noise levels in both training and sampling procedures. We

observe that the well-known EDM has a poor performance in generating plausible

structures. Our PoDM method significantly improves the plausibility of generated

images over EDM and also achieves a satisfactory plausibility score comparable to

DDPM but with a much-reduced generation time. Additionally, we demonstrate with

convincing results that the improvement in the plausibility thanks to the prioritization

of the determined noise range. Further implementations of PoDM-driven image editing

tools showcase PoDM’s ability to semantically manipulate complex structural designs,

paving the way for future work in the field of generative design.

This chapter is inspired by, but not limited to, engineering design generation. We

believe that our observations and determinations of the phases in the diffusion process

are equally applicable to images from natural scenes and, therefore, beneficial for all

diffusion-based synthesis tasks. In addition, we hope that our work will inspire more

research on the tool for automatically evaluating the plausibility of generated images

and the relevance between noise level and generated features.
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Limitation The designs generated in this chapter are assessed through both quali-

tative and quantitative evaluations. However, we have found that the existing metrics

do not align well with human judges’ assessments in terms of plausibility, as detailed

in Section 2.3.3. This misalignment raises concerns about the reliability of the current

evaluation methods. To address this issue, we have developed a design plausibility

score, which is manually evaluated as an assessment metric. Unfortunately, this pro-

cess is not automated, making it time-consuming and less efficient. Therefore, it is

crucial and urgent to create a novel metric that can effectively evaluate plausibility

while aligning with human evaluation standards. Achieving this goal will enhance

the accuracy and relevance of our assessments. In the next chapter, we will focus on

developing such a metric for result plausibility, exploring innovative approaches that

can bridge the gap between automated evaluations and human judgment.

Figure 2.16: BIKED images randomly generated by SA-ALAE [165]. SA-ALAE shows an
uneven performance over various classes bikes and a great portion of generated designs are
of poor quality and present implausible structures.
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Figure 2.17: BIKED images randomly generated by DDPM [61]. DDPM presents a strong
generative power in both visual quality and structural plausibility. However, DDPM requires
always a tremendous number of denoising steps (i.e., 1 000), otherwise the results look like
in Figure 2.18.

Figure 2.18: BIKED images randomly generated by DDIM [156]. DDIM leverages the
same trained backbone model as DDPM, but attempts to break the Markov-chain of DDPM
and to use a reduced number of denoising steps (i.e., 50). Hereby, the generated images
present poor visual quality.
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Figure 2.19: BIKED images randomly generated by EDM [71]. EDM is theoretically based
on Score-matching models [159], but attempts to significantly reduce the sampling number by
focusing on a pre-defined range of noise scales. Compared to DDIM, EDM has indeed deliver
DDPM-like visual quality images, but we observe that it fails badly in design plausibility.

Figure 2.20: BIKED images randomly generated by PoDM. Based on the achievement of
EDM, our work figures out a way of locating the focusing range of noise scales and hereby
well-addresses the trio-trade-off among sampling time, visual quality and design plausibility.
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Chapter 3

Evaluating the Plausibility

with Deep Learning

We have pointed out the evaluation issue in the previous chapter, i.e., the evaluation

of FID does not align well with human judge in terms of the design plausibility. In

this chapter, we are addressing this issue as well as the research question 2: How to

automatically evaluate the plausibility of designs generated by DGMs?. The content of

this chapter has been published in the paper [164].

Patch Mask Patch Swap Patch Swap

(a) Better scored by the SOTA metrics (e.g.,
FID, KID and FDDINO-V2)

Gaussian NoiseBlur Salt & Pepper Noise

(b) Better scored by human designers and
our FDD

Figure 3.1: From which side (left or right) are the design images more plausible?
(a) Structural implausibility; (b) visual artifacts. Recent works [10, 46, 57] discover that
the SOTA metrics (FID, KID and FDDINO-V2) tend to penalize visual artifacts more than
structural implausibility, which matters more to the human designers. In contrast, our FDD
consists better with human designers and is able to focus on shapes.
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3.1 Introduction

Design data is responsible for representing the design object with structural and geo-

metric patterns, which are required to be recognizable and plausible. In order to rank

models during the development of generative models, recent works rely on a subjective

evaluation [167, 99], where human experts apply an established set of criteria to man-

ually assess a significant quantity of generated data. This evaluation method yields

reliable results, serving as “ground truth” for model ranking, but it is time-consuming

and hard to reproduce [99]. Hence, for developing DGMs for design generation, it is

necessary to have an automated metric, which is able to reliably quantify the goodness

of the target DGM.

Meanwhile, the evaluation of generated images is still an unsolved challenge among

other general tasks in the DGM domain [11, 112, 14]. DGM developers [70, 58, 72]

are heavily relying on the Fréchet inception distance (FID) [58] metric, which extracts

latent features from real and generated images with an Inception-V3 [163] model pre-

trained on ImageNet [38] respectively and then quantifies their difference using Fréchet

distance as the final FID score. As the primary metric in the DGM field, FID is able

to measure the fidelity and diversity and present them in a single value. However,

a lot of studies [18, 161, 83] disclose that FID does not always align with human

evaluation and claim that this limitation is due to the reliance on the pre-trained

Inception-V3 model. Hence, novel metrics are delivered by replacing the Inception-V3

model by other backbone networks, e.g., Clip [134], VQ-VAE [173] and DINOv2 [119],

etc. According to the most recent work by Stein et al. [161], where they compared

17 metrics using encoders from 9 various networks, FDDINO-V2 has the most reliable

performance in terms of consistency with human judgment in their experiments.

On the other hand, recent works have pointed out that the Inception-V3 model

and Inception-powered metrics perform poorly on shapes [10, 46, 57, 167]. Our work

investigates this finding and observes that the state-of-the-art (SOTA) metrics gener-

ally suffer from this issue: they are sensitive to visual artifacts like noises, yet they

have a high tolerance towards semantic failures, e.g., part missing in a bicycle, as illus-

trated in Figure 3.1. Besides, human experts are able to recognize the same structural

representation of the observed design image regardless of minor noise and they tend

to penalize the evaluation based on the implausibility of the design more, rather than

the presence of visual artifacts [86, 82]. Motivated by this, our work aims to create a

novel metric for generative design that is robust to visual corruption of the observed

images and biased towards the design plausibility.
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Denoising Autoencoder

Encoding

consistent with

Human Score FDD Score

Encoder

Distance Computation
1. Fréchet Distance
2. Maximum Mean Discrepancy
3. Topological Distance

Image Space Latent Space 

Figure 3.2: Plausibility evaluation using Fréchet denoised distance. Blue area and squares
visualizing the distribution and samples of real data in the image space and in the DAE-
encoded latent space; Orange area and stars illustrating the distribution and samples of
generated data in the image space and in the DAE-encoded latent space.

Finally, we propose the Fréchet denoised distance (FDD) by replacing the Inception-

V3 model within the FID framework with a denoising autoencoder (DAE) [176] that

has been also pre-trained on ImageNet dataset and capable of encoding images into

latent features with an Inception-comparable dimension of R2048. The DAE is able

to observe the same structural representation in the image regardless of the noisy dis-

turbances, which can be utilized as a strong method to extract the structural feature

from the noisy input. Our work compares our FDD with other SOTA metrics, e.g.,

FID, FDDINO-V2 and topology distance (TD) [62] (since their results show a similar

bias to our intention), based on the following experiments: (1) sensitivity test over vi-

sual artifacts and structural failures; (2) consistency test with increasing disturbances;

(3) consistency test with human judgment in model ranking. As a result, our FDD

has the most stable performance among all the experiments. In order to explain the

performance of FDD, we visualize the “focus” of our FDD metric compared to the

FID using a GradCAM [161, 148, 83] test, hereby showcasing that the DAE model has

a better assessment regarding the requirements of human designers. In addition, our

work explores the potential for further improvement of DAE-based metrics, where we

build-upon concepts from existing works, i.e., KID [16], TD [62] and training the net-

work on structural images [46], to design new DAE-based metrics, i.e., kernel denoised

distance (KDD), topology denoised distance (TDD), and FDD (·), respectively. We

test these metrics on BIKED and the results show that these DAE-based metrics are

highly correlated and FDD performs relatively best.
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3.2 Related Work on DGM Evaluation

Accurately ranking generative models remains an unresolved challenge [11, 112, 14].

Humans are able to give the ground-truth evaluation in assessing a limited number of

generated images, but quantifying the performance of a DGM requires an automated

evaluation method [161]. Overcoming the flaws of previous metrics, e.g., SSIM [202],

LPIPS [198] and IS [143], currently most reported evaluation methods, e.g., Fréchet

inception distance (FID) [58] and kernel inception distance (KID) [16], have largely ad-

dressed the challenge of automated evaluation and are employed as the primary metric

for model ranking in the field of DGM. They leverage a two-step procedure: encode

real and generated images into latent features in a lower-dimensional space with a rep-

resentation extractor and then use a distance critic to quantify the difference between

their features. Both FID and KID utilize the Inception-V3 [163] model pre-trained on

ImageNet, which has a 2048-dimensional latent space. Regarding the measurement of

latent distance: FID fits the Inception features from real and generated images into

a multivariate Gaussian before computing the Fréchet Distance (also known as the

Wasserstein-2 distance) between them; whereas KID [16] uses the squared maximum

mean discrepancy (MMD) [50] with a polynomial kernel [14].

Concerns about the over-reliance on the Inception-V3 model have been raised and

researchers claim that an ImageNet [38] classifier like the Inception-V3 model brings a

significant bias to the evaluation with FID [112, 119]. Furthermore, FID is proved to

be vulnerable to manipulation [83], especially when there exists a significant domain

discrepancy between the data set of interest such as BIKED [137] and ImageNet [38].

Consequently, the results measured by FID often show a poor correlation with human

judgments. Similarly, KID [16] encounters the same issue as it also leverages the pre-

trained Inception-V3 model. Most recently, in order to find a perceptual representation

space superior to the inception manifold, Stein et al. [161] studied 17 metrics with 9

different encoders (e.g., CLIP [134], SwAV [24] and DINOv2 [119]). Their finding con-

cludes that FDDINO-V2 [161] demonstrates the most reliable performance over various

perspectives, e.g., fidelity, diversity, rarity, and memorization of generative models.

Previous works [10, 46, 57] shed light on the role played by the image attributes, e.g.,

edges, shapes, textures, and colors in various computer vision tasks, e.g., classification

and segmentation. They revealed the limitation of ImageNet-trained CNNs in recog-

nizing shapes. This flaw may explain the inconsistency of CNN-based metrics with

human judgments when evaluating design images, where human experts prefer to use

shape information for assessment [86, 82]. In other studies, new metrics have been
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proposed to evaluate fidelity and diversity, including density and coverage [112], as

well as precision and recall [141, 84].

Recent studies have introduced autoencoder-based metrics for evaluation purposes:

for instance, Buzuti et al. [21] leveraged the VQ-VAE [173] and showed that their unsu-

pervised model-based metric Fréchet autoencoder distance (FAED) outperforms FID

in terms of consistency with increasing disturbance when evaluating on human and

animal faces, i.e., CelebA HQ [95], FFHQ [72], and AFHQ [31]. By cross-comparing

their measured values among various types of disturbance, their FAED noticeably pe-

nalizes visual artifacts more severely than structural implausibility with comparable

intensity. This may still lead to unfair comparisons of DGMs for design synthesis,

where human experts prefer to use shape information for assessment [86, 82]. Mean-

while, Horak et al. [62] proposed a more competitive shape-based evaluation metric

by investigating the topological characteristics of potential flow shapes and proposed

topological distance (TD) as a complementary metric for FID. Thus, we choose TD

as for the later comparison.

3.3 Preliminaries

Fréchet Inception Distance (FID) The FID leverages the Inception-V3 model

pretrained on ImageNet without its last fully connected layer. Hereby, it provides a

lower-dimensional latent space. Real images x and generated images x′ are embedded

into the Inception featuresw ∈ R2048 andw′ ∈ R2048, respectively, and then separately

fitted into two multivariate Gaussian distributions, with (µw, Σw) and (µw′ , Σw′)

denoting the means and covariances thereof. The difference between the two latent

manifolds will be quantified with Fréchet distance with:

FD = ∥µw − µw′∥22 +Tr(Σw +Σw′ − 2(ΣwΣw′)
1
2 ), (3.1)

where Tr(·) computes the trace of a matrix.

Denoising Autoencoder (DAE) The DAE [176] is able to observe the same struc-

tural representation in the image regardless of the noisy disturbances, which demon-

strates its robustness in assessing structural plausibility. The architecture of DAE

is based on an expansion of the fundamental autoencoder model, consisting of two

components: an encoder (Eθ : x → w) and a decoder (Dθ : w → x). In the training

phase, source images x ∈ Rw×h×c are corrupted with Gaussian noises xη = x + η,
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where η ∼ N (0, σ2 · I) and σ refers to the noise scale. The encoder (Eθ) embeds

the noised image xη into its lower-dimension latent representation w = Eθ(xη),

then the decoder restores the latent representation back into pixel-based image space

x̂ = Dθ(w) = Dθ ◦ Eθ(xη). The network is trained minimizing the following loss

function:

min
Eθ,Dθ

∆(x, x̂) =
1

n

n∑
i=1

(xi − x̂i)
2 =

1

n

n∑
i=1

(xi −Dθ ◦ Eθ(xi + η))2 , (3.2)

where n is the batch size. While minimizing the reconstruction error in the training,

denoising autoencoder (DAE) in turn maximizes the mutual information between the

original input x and its latent representation w [176]. More specifically, DAE bypasses

the noisy corruption between x and x̂. This allows the latent representation w to

contain meaningful information about the source x, even thought DAE only sees the

corrupted input x̂.

3.4 Method

We implement the encoder Eθ(xη) of the denoising autoencoder (DAE) as the fea-

ture extractor. First, we design a DAE architecture (refer to Section 3.5.2 for more

information on this architecture) and train it on the ImageNet [38] dataset with in-

put shape of 299 × 299 × 3. Second, similarly to the procedure of FID, we embed a

certain number K of real images x and generated images x′ into the latent features

w ∈ R2048 and w′ ∈ R2048, respectively. Note that the image is preprocessed into a

shape of 299× 299× 3 regardless of the original shape and color. Next, we follow the

procedure of the Fréchet distance, introduced in Section 3.3, to quantify the difference

between the two manifolds w and w′. Hereby, we design the Fréchet denoised distance

(FDD), illustrated with an explanatory diagram in Figure 3.2.

For exploration purpose, we simulate the design processes of KID [16] and TD [62]

and replace the distance measures with maximum mean discrepancy (MMD) and

topology distance (TD), hereby delivering more DAE-based metrics, e.g., kernel de-

noised distance (KDD) and topology denoised distance (TDD). We also notice the work

of [46] that trains a ResNet-50 [55] model on an alternative dataset of ImageNet, i.e.,

Stylized-ImageNet, and hereby successfully develops a shape-biased classifier. Inspired

by this proposal, we additionally train a DAE model from scratch on the BIKED [137]

dataset. The DAE model trained on BIKED images has an input shape of 256×256×1

and a smaller latent space with dimension Dw = 64. Hereby, we design a FDD (·)



3.5 Experiments 45

metric, which is based on the DAE trained on the same target dataset. The evaluation

of FDD (·) on BIKED images is demonstrated in Section 3.5.

3.5 Experiments

To evaluate the design plausibility of generated images, a useful metric should sat-

isfy the following conditions: (1) bias toward design structure, (2) consistency with

increasing disturbances, and (3) alignment with human judgment. Hence, we leverage

correspondingly three experiments: sensitivity test, consistency test with increasing

disturbances, and model ranking, over the the SOTA metrics and our metrics (see Ta-

ble 3.1 for more detailed information). Note that in our work, the TD metric refers

to TD-Inception [62] unless otherwise explained.

3.5.1 Datasets

We select a variety of datasets covering different aspects. For a fair comparison with

the FID, we train the DAE on the ImageNet [38] dataset, ensuring that the learned

feature manifold is similar to the one of the Inception-V3 model. We employ a subset

of the ImageNet [38] dataset of 50 000 samples with dimension 299× 299× 3, properly

chosen to cover a wide range of 1 000 classes. The dataset is divided into 45 000 training

samples and 5 000 test samples. Our comparative analysis and tests also incorporate

two design datasets, BIKED [137] and Seeing3DChairs [7], to address the interests of

human designers. Additionally, we incorporate the color-channeled FFHQ [72] dataset

and the test samples of ImageNet [38] into our metric testing to confirm the metric’s

adaptability to general image generation tasks.

3.5.2 Experimental Settings

For the reproducibility of our work, this section documents all the essential details

regarding the development of our FDD metric and the experimental setups. To jus-

tify the setting choices, we aim to align our DAE model’s architecture with that of

the Inception-V3 model, particularly in terms of input shape and latent dimension.

The model architecture and training settings describe the DAE trained on ImageNet,

whereas the configurations of the DAE trained on BIKED are correspondingly adjusted

as shown in Table 3.1.
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Table 3.1: A list of candidate performance metrics for measuring design plausibility. Below
the dashed line, we also list other DAE-based metrics as a means of exploring further im-
provements. FDD (·) utilizes a DAE trained on the target dataset with the DAE architecture
modified according to the dataset, e.g., FDD (BIKED) utilizes a DAE trained on the BIKED
dataset.

Metric
Backbone Input Feature Training Distance

Model Dimension Dimension Dataset Measures

FID [58]
Inception-V3 [163] 299× 299× 3 2048 ImageNet [38]

Fréchet distance

KID [16] MMD

FDDINO-V2 [161] DINOv2 [119], ViT [78] 224× 224× 3 1024 LVD-142M [161] Fréchet distance

TD-Inception [62] Inception-V3 [163] 299× 299× 3 2048 ImageNet [38]
Topology distance

TD-ResNet [62] ResNet18 [55] 224× 224× 3 512 Fashion-MNIST [183]

FDD DAE [176] 299× 299× 3 2048 ImageNet [38] Fréchet distance

KDD

DAE [176]
299× 299× 3 2048 ImageNet [38]

MMD

TDD Topology distance

FDD (·) 256× 256× 1 64 Target Dataset Fréchet distance

Model architecture Our approach employs a DAE comprising 5 convolutional lay-

ers across both the encoder and the decoder. Here, the feature dimensions for the

convolutional layers in the encoder are arranged in the following sequence [32, 64, 128,

256, 512]. For the decoder, these dimensions are applied in reverse order. Each layer

employs a 3× 3 kernel shape, a stride of 2, padding of 1, and the Rectified Linear

Unit (ReLU) as the activation function, aligning with the Inception-V3 model. The

last activation layer of the decoder uses a Tanh function to adjust the outputs to a pixel

range of [−1, 1]. In alignment with the configuration parameters of the Inception-V3

model, the encoder’s input shape is specified as 299 × 299 × 3, and the latent vector

dimension is established at 2048.

Training settings The training process uses a subset of 45 000 images from Ima-

geNet [38], which are rescaled to the range [−1, 1]. For the DAE training set-up, input

images are corrupted with Gaussian noise N (0, σ2 · I) with σ = 0.1 before being fed

into the encoder. We utilize the Adam Optimizer with a learning rate of 1e−3 to train

the DAE with a batch size of 128 and epochs of 1 000. The reconstruction loss is as-

sessed by calculating the mean squared error (MSE) between the original and output

images. Model performance is continuously assessed during training, and the best-



3.5 Experiments 47

performing model is chosen from the saved checkpoints for further experiments. We

also implement an early stop function, where the training stops if the reconstruction

loss does not reduce within 20 epochs.

Disturbance procedures For conducting the sensitivity and consistency tests that

exam metrics’ performance in dealing with various disturbances, we design the pertur-

bation methods, i.e., salt & pepper noise, Gaussian noise, patch mask, patch swap and

a mixed disturbance of Gaussian noise and patch swap, and their respective intensity

levels based on previous studies [58, 62]. The details of the disturbances are outlined

below:

• Pepper Noise. Salt & Pepper Noise is characterized by the random conversion

of image pixels to black or white. In our experiments, we specifically target

pixels to turn black (i.e., pepper noise), considering the prevalent white back-

grounds in most design images. The proportion of image pixels altered to black,

effectively setting their value to 0, is determined by a factor α within the set

[0, 0.01, 0.02, 0.03].

• Gaussian Noise. We generate a random Gaussian noise in matrix form, η =

N (0, I). Then we create noisy images x′ by adding the defined Gaussian noise

to the source image x: x′ = (1−α)x+αN (0, I), where α ∈ [0, 0.1, 0.2, 0.3] refers

to the intensity of the noise. The larger α is, the more intensive the disturbance

of the source data is.

• Gaussian Blur. We apply a Gaussian blur to the images using a convolu-

tion operation with a Gaussian kernel. The standard deviation of the kernel,

determined by α, varies from [0, 1, 2, 3], resulting in progressively more blurred

images.

• Patch Mask. For design images (BIKED and Seeing3DChairs), we evenly

divide the focus area of each image (where the design object is usually located)

into 16 patches. For the FFHQ-256 dataset, the entire image is segmented into

64 patches. Afterward, we randomly select a portion of patches denoted by

α ∈ [0, 0.25, 0.5, 0.75] and apply a white mask to them.

• Pepper Swap. Using the same patch division approach as the Patch Mask,

we randomly select a subset of patches, indicated by α ∈ [0, 0.25, 0.5, 0.75], and

swap their positions pair-wisely.
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Figure 3.3: Examples of manipulated images for sensitivity test. We choose the intensity
of the disturbances so that images with structural errors (i.e., mask and swap) are notably
less plausible than ones with visual artifacts (i.e., salt & pepper noise and Gaussian noise).

• Elastic Transformation. The image is deformed by displacing a grid of con-

trol points. Each point is shifted randomly in both the horizontal and vertical

directions, typically following a Gaussian distribution to determine the displace-

ment magnitude. The degrees of the distortion are regulated by adjusting the

standard deviation of the Gaussian filter α ∈ [0, 4, 5, 6].

3.5.3 Sensitivity Test

Despite the presence of noise, a human designer can still recognize the underlying

structure in a design. However, designs with missing parts or structural errors are less

usable. Thus, we design the sensitivity test with the anticipation that an appropri-

ate metric for the design generation evaluation task should progressively demonstrate

deteriorating scores from visual artifacts to structural deficiencies. Additionally, to

prove the importance of structural integrity in the evaluation process, we expect that

the score for a mixed disturbance of Gaussian noise and patch swap will be compa-

rable to that of solely patch swap disturbance, thus remaining independent from the

added visual artifacts. The aim of the sensitivity test is to cross-compare the metric

performance in dealing with various disturbances and to see if the metric aligns with

human designers.

This test involves four datasets: BIKED [137], ImageNet [38], FFHQ [72] and

Seeing3DChairs [7]. For each dataset, we shuffle and split the samples into n = 10
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(a) On BIKED [137]
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(b) On Seeing3DChairs [7]
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(c) On FFHQ [72]
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(d) On ImageNet [38]

Figure 3.4: Sensitivity Comparison. The y-axis represents the score value measured by
each metric, where a lower value indicates a higher similarity to source data, i.e., better
quality. A reliable plausibility metric should penalize more on the basis of structural errors
(e.g., mask and swap) than visual artifacts (e.g., noise). For each metric, the dashed line
shows the mean across the groups and the shaded region depicts the measured values from
the groups.

groups, number of samples in each group varies from the dataset: K = 300 (for

BIKED) and K = 100 (for Seeing3DChairs, FFHQ and ImageNet). We introduce

five types of disturbances into source images and create five corrupted counterparts,

i.e., pepper noise, Gaussian noise, patch mask, patch swap and a mix of Gaussian

noise and patch swap. The introduced disturbances adhere to a rule where visual arti-

facts, such as pepper noise and Gaussian noise, are intentionally kept at levels that do

not significantly impact the recognition of the design. On the other hand, structural

failures, such as patch masking and patch swapping, lead to designs that are im-

plausible and consequently receive worse human evaluation scores compared to visual

artifacts. We choose one level from each disturbance described in Section 3.5.2: α =

0.01 (pepper noise, Gaussian noise), andα = 0.25 (patch mask, patch swap). Next, we

measure the distance between each one of these corrupted image sets and the origi-

nal image set, using FID, FDDINO-V2, TD, and our FDD. Since they are measures of

distance quantifying the dissimilarity between observed images and source images, a

smaller value indicates greater similarity to the source data.
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(a) Sensitivity test on BIKED [137]
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(b) Correlation test

Figure 3.5: Experiments with FDD and other DAE-based metrics. In (a), within all DAE-
based metrics, FDD shows the best performance; (b) Pearson correlation of metrics over all
distances measured during the sensitivity test with BIKED.

We plot several examples of disturbed images in Figure 3.3 and record the measured

results in Figure 3.4. As expected, FID [58] and FDDINO-V2 [161] show a great bias

towards visual artifacts, with notably higher distance assigned to pepper and Gaussian

noised images compared to those with patch mask and patch swap. In contrast to FID

and FDDINO-V2, TD and our FDD provide a distinct evaluation perspective by detect-

ing structural faults and imposing penalties accordingly. One unanticipated result was

that TD exhibits a poor performance with regard to pepper noise as illustrated in Fig-

ure 3.4b and Figure 3.4c. Furthermore, as the sample size decreases within each group

from 300 (BIKED [137]) to 100 (for Seeing3DChairs [7] and FFHQ [72]), TD shows a

significant increase in standard deviation across 10-times implementations. Interest-

ingly, our FDD shows a better stability among various noises and gives significantly

worse scores to images with structural failures.

Furthermore, we explore other possible metrics based on DAE by incorporating

concepts from existing works such as KID [16], TD [62] and training the network

on structural images [46]. This adaption yields new evaluation metrics, i.e., kernel

denoised distance (KDD), topology denoised distance (TDD), and FDD (BIKED),

respectively. Later on, we subject these metrics to the sensitivity test and present the

results in Figure 3.5a. Our analysis reveals that FDD exhibits the most consistent

performance across various criteria: the most stable result across different groups and

excellence in distinguishing between visual and structural disturbances.

It is important to note that the different plausibility metrics presented in Fig-

ure 3.5a operate on inherently different scales due to the distinct formulations and

normalization schemes of each method. As a result, the absolute numbers are not di-
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Figure 3.6: Metric comparison with increasing disturbances. The y-axis label represents
the measured distance of each metric. The TD, as the most competitive metric to our FDD,
performs however unstably with increasing disturbances.

rectly comparable across metrics. Despite this, the evaluation and comparison remain

meaningful because the analysis focuses on relative trends and sensitivity patterns

within each metric. In other words, the ability of a metric to distinguish between dif-

ferent types of disturbances, detect structural faults, and maintain consistency across

sample groups is what informs its reliability, rather than the raw numerical range.

Therefore, observing how each metric responds to noise, masking, or structural per-

turbations provides actionable insight, and differences in scale do not undermine the

validity of the comparison.

Finally, we calculate the Pearson correlation coefficients pair-wisely among all can-

didate metrics, by taking the measured values from Figure 3.4a, and record the out-

come in the table Figure 3.5b. Notably, the result reveals two categories among the

metrics: FID and FDDINO-V2 are grouped together, while TD and our designed met-

rics demonstrate a stronger correlation with each other. This is a promising finding

since TD’s main perspective is the topology and geometric behavior of the latent space,

hereby we argue that the latent space of our DAE maintains the topological properties

of the image space well and can be captured by Fréchet distance. Note that the KDD,

TDD and FDD (BIKED) are experimental explorations. They are highly related to

our FDD in the correlation test and our FDD outperforms them in the sensitivity test.

3.5.4 Consistency with Increasing Disturbances

In this section, we test the consistency of the FDD metric in response to escalating

levels of disturbances outlined in Section 3.5.2. As a fundamental requirement, a per-

formance metric should be able to accurately detect and respond to worsened image

quality, including visual fidelity and structural plausibility. We start by adding various

disturbances to a subset comprising K = 1000 images sourced from the BIKED [137]

and Seeing3DChairs [7] datasets, respectively. Afterwards, we report the scores in Fig-
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Figure 3.7: Metrics comparison in the task of model ranking. We color-code the diagonal
lines after the measured Pearson correlation coefficient between metric results and human
judgments, dark red refers to a strong positive correlation between metric distances and
human judgments.

ure 3.6 and demonstrate the consistent performance of the proposed FDD metric.

While FID has been noted to exhibit inconsistency in detecting the disturbance level

induced by salt and pepper as documented in Heusel et al. [58], our FDD success-

fully measures the levels of various deformations, spanning from visual to structural

distortions.

3.5.5 Model Ranking

In the model ranking, we employ five deep generative models, e.g., DDPM [61],

DDIM [156], EDM [71] and PoDM [167], with the consideration that the models

executed in model ranking should exhibit significant differences in visual quality and

structural plausibility. These models are then trained on BIKED images with a reso-

lution of 256 × 256. We generate 5k images from each model and manually evaluate

them into plausible designs and implausible designs. We denote the ratio of implau-

sible bicycle designs as human evaluation error, the lower the better, which serves as

the “ground truth” in this model ranking experiment.

Meanwhile, we apply the candidate metrics, including FID, KID, FDDINO-V2, TD,

FDD, and other DAE-based metrics, to evaluate each generative model with their gen-

erated samples, with 1k images in each group. Subsequently, the distances measured
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(a) DDPM [61] (FID: 11.77, FDDINO-V2: 342.82, FDD: 48.08)

(b) DDIM [156] (FID: 31.35, FDDINO-V2: 571.21, FDD: 60.66)

(c) EDM [71] (FID: 7.84, FDDINO-V2: 435.25, FDD: 111.25)

Figure 3.8: Qualitative evaluation of generated bicycle designs. DDPM and DDIM yield
structurally more plausible results than EDM, but FID and FDDINO-V2 fail to agree with
human judgments, whereas our FDD ranks the models with the perspective of structural
plausibility and penalizes the visual artifacts as well.

and human error rates are visualized in Figure 3.7. Note that the proximity of the plot-

ted points (measured distances, human evaluation error) to the diagonal line signifies

the consistency of the metric with human evaluation. Particularly, the expected be-

havior is seen in the FDD, KDD, and FDD (BIKED) measurements, which are highly

associated and yield the same consistent ranking. This observation aligns with the no-

tion proposed by [161], whereby provided a good encoder is chosen, all these metrics

provide sensible ways of quantifying distances between probability distributions.

On the other hand, the absence of a significant link between the SOTA metrics and

human evaluation suggests a deficiency of these most reported metrics in evaluating

structural design images. In Figure 3.8, we plot the generated bicycles for qualitative

evaluation of our FDD metric. EDM achieves the best FID of 7.84, but the generated

bicycles contain a large portion of implausible designs; DDPM (FID 11.77) and DDIM

(FID 31.35) are unfairly penalized, even though the results are significantly more

plausible than those from EDM. Here, our FDD is able to rank the models more

accurately.
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(a) FID (Inception-V3)

(b) Our FDD (DAE trained on ImageNet)

Figure 3.9: Where does the metric look at? Heatmaps illustrating the perception of
the Fréchet distance with Grad-CAM. The focus of an encoder can be demonstrated by both
bright red and deep blue. The offset of the focusing area can be caused by upsampling the
attention map to the image shape.

3.5.6 Grad-CAM Visualization

The Grad-CAM [148, 91] is designed to visualize the focus on the input image as

perceived by the classifier/segmentation model up to the last fully connected layer.

In our work, we use the Grad-CAM visualization to compare the observation fields of

the FID and FDD metrics. We first transfer the test images into inception space and

latent space via the Inception-V3 model and the DAE model, respectively, which have

the same dimension of R2048. We compute the mean µw and the covariance Σw of the

extracted features. Then, we obtain the attention maps of FID and FDD by back-

propagating the value of µw
2+Σw, to the last convolutional layer of the Inception-V3

model (i.e., Mixed 7c.branch pool) and the one of DAE (i.e., encoder 8 ), respectively.
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The Grad-CAM generates a heatmap of reduced dimensions (e.g., 10 × 10 for DAE)

which is then upsampled to match the dimensions of the original image for intuitive

visual comparison. The heatmaps (seen in Figure 3.9) visualize the area observed by

the corresponding metric in the BIKED [137] images, i.e., where the metric “looks at”

when it calculates the distance.

The focus of the Inception-V3 model is simply the area around the center of the

main object, often mismatching the object’s shape and borders. As explained in pre-

vious works [161, 83], this phenomenon is caused by the model’s classification training

across 1 000 classes. Consequently, it prioritizes detecting the object’s presence rather

than its structure. On the other hand, even when also trained on ImageNet, the DAE

generates an intensive attention map with positive and negative gradients surrounding

the bicycle’s structure, which efficiently assesses the complex details of the bicycle’s

shape. In Figure 3.14 and Figure 3.15, we provide also Grad-CAM analysis on general

images, where Inception-V3 model tends to drop structural information while DAE

captures it.

3.5.7 Reconstruction with Denoising Autoencoder

In this section, we demonstrate the restoration power of the DAE model trained on the

ImageNet on noisy images from various datasets, e.g., the ImageNet [38] in Figure 3.10,

BIKED [137] in Figure 3.11, Seeing3DChairs [7] in Figure 3.12, and FFHQ [72] in Fig-

ure 3.13. For the reconstruction, we apply Gaussian noise to the original images using

the formula xη = x + η, where η ∼ N (0, σ2 · I) and σ2 = 0.5 and then restore the

noised images with the DAE model. First, the DAE reliably filters out the additive

Gaussian noise, which shows that the learned latent representation encodes the essen-

tial structural content of the image (rather than simply reproducing pixel-level noise).

Second, because it is trained to ignore superficial perturbations (noise) and focus on

the underlying image content, the encoder part of the DAE produces representations

that are robust to visual artifacts.

Here, FID, based on the Inception-V3 network pretrained on ImageNet, lacks the

explicit restoration objective that encourages latent representations to focus on struc-

tural coherence and clean image manifolds. FID therefore uses features optimized

for classification (or generic image-recognition) rather than for denoising or explicitly

modeling a clean-image manifold. As a result, FID’s feature space may be overly sen-

sitive to visual noise, artifacts, or superficial texture differences, but less sensitive to

deeper structural implausibilities of generated designs (for instance, incorrect shape
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Figure 3.10: DAE reconstruction of images from ImageNet. Top: original images, Middle:
noised images, Bottom: reconstructed images.

Figure 3.11: DAE reconstruction of images from BIKED. Top: original images, Middle:
noised images, Bottom: reconstructed images.

combinations or missing functional components).

3.6 Conclusion

In this work, we approached the field of evaluating generated design images and pro-

posed a structure-biased metric Fréchet denoised distance (FDD) by replacing the

Inception-V3 model in the FID metric with a denoising autoencoder, unsupervised-

trained on the same dataset (i.e., ImageNet) and with the same 2048-dimensional

latent space. Through a series of experiments, including sensitivity test for various

types of disturbance, consistency test with increasing disturbances, and alignment

test with human judgment in model ranking, we found FDD to fulfill the quality re-

quirements for serving as a metric and outperform other SOTA metrics, e.g., FID,

FDDINO-V2 and TD, on design images such as BIKED and Seeing3DChairs, as well

as real-world images such as human faces from FFHQ and general images from Ima-

geNet. We explained the effectiveness of FDD with a Grad-CAM visualization, where

the DAE is able to “focus” on the design structure of the observed shape.
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Figure 3.12: DAE reconstruction of images from Seeing3DChairs. Top: original images,
Middle: noised images, Bottom: reconstructed images.

Figure 3.13: DAE reconstruction of images from FFHQ. Top: original images, Middle:
noised images, Bottom: reconstructed images.

Figure 3.14: Heatmaps of the Inception-V3 model on ImageNet images from the bike class
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Figure 3.15: Heatmaps of our DAE model on ImageNet images from the bike class.
Inception-V3 focuses on the object from the top-classes, such as the bike, and hereby ignores
the rest parts of the image, which is suboptimal for evaluating the image plausibility.



Chapter 4

Shape Generation with

Learning-free Decomposition

Different from previous chapters, from this chapter on we start targeting on generation

of 3D models. The AI community has made substantial progress in learning mesh

data, however, introducing current mesh-based DGMs into industrial design processes

is not trivial, because industrial meshes tend to be extremely high-dimensional. To

address this, we present a new pipeline that enables learning on meshes by decomposing

them into low-dimensional variables, without explicit training, answering the research

question 3: How to use DGMs to generate high-dimension designs more efficiently?

The content of this chapter has been published in the paper [168].

Figure 4.1: A gallery of 3D meshes generated by SpoDify.
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4.1 Introduction

Today, 3D modeling has become a more convenient method in the industrial design

process with the help of powerful CAD software, whereas traditional 2D blueprints

have less advantages over 3D shapes, e.g., B-Reps and meshes, in terms of simulating

usability, efficiency of design modification, and accuracy of representation. While B-

Rep data remains a challenge in learning and generating, meshes [96, 154] are by

far the most commonly used form in industry, as the native representation of many

CAE software and finite element tools [138]. Besides, generating 3D shapes represents

one of the major challenges of the deep generative modeling community, where the

researchers have made substantial progress in directly learning on mesh data [135, 30,

199]. However, as a non-monotonous data representation, a mesh contains multiple

modal data forms and their lengths vary with samples, where deep learning methods

generally perform poorly. Most recently, research [32, 151, 64] in this field enabled

the generation of meshes with signed distance field (SDF) [162], a powerful implicit

representation that encodes the source mesh into a voxel, where the value of each

voxel grid indicates a distance value from the grid position to the nearest surface of

the source mesh. Here, a negative value indicates that the point is inside the shape,

while a positive value indicates that the point is outside the shape. Representing a

mesh in the voxel form allows the implementation of 3D convolutional neural networks

(CNNs), which addresses the challenge of using deep learning on meshes. However,

to produce high-fidelity shapes, a large dimension of the voxel-shaped SDF is often

required, e.g., 2563 [64, 123], which poses computational and temporal challenges for

directly learning with deep generative models (DGMs).

Meanwhile, the trend in high-dimensional data generation has shifted toward en-

coding the source data into a low-dimensional latent space so that DGMs can effi-

ciently learn from compact latent codes. Using a trained autoencoder is the most

commonly used methodology. It has yielded powerful DGMs, e.g., latent diffusion

models (LDMs) [139, 194], which can generate high-dimension data with much re-

duced computational cost. Encoding high-dimensional data has also been explored in

the context of SDF representations [105, 90, 29]. However, the quality of the results

generated by such pipeline largely depends on the performance of the autoencoder in-

troduced, which remains challenging and computationally intensive to train. In fact,

the amount of training samples needed to properly train an autoencoder drastically

increases with the dimensionality and diversity of the target data, which tends to be

impossible for real-world design cases.
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Several existing approaches have used a learning-free encoding pipeline to obtain

the latent variables of high-dimensional data [68, 22, 64]. Among them, neural wavelet-

domain diffusion [64] (referred to as NWD in this chapter) achieves state-of-the-art

(SOTA) performance in generating complex topology and structures with clean sur-

faces and fine details. However, the introduced diffusion model has to be trained

on 3D voxels of dimension 1303 for a single-level wavelet transformation. To fill the

gap between mesh generation and neural latent learning, a fully deterministic ap-

proach can be used, such as singular value decomposition (SVD), which has been

historically used for dimensionality reduction in deep learning tasks including data

classification [74, 190] and image generation [73]. [73] leverages SVD eigenvalues as a

loss regularization term for GANs training. Furthermore, SVD guarantees minimum

information loss during the encoding, which is an essential characteristic for accurately

reconstructing complex models. Even though SVD guarantees minimum information

loss without the need for training, its application in generative 3d modeling remains

understudied.

In this chapter, we propose to exploit this idea and design a novel mesh generation

method, spectral-domain diffusion for high-quality shape generation (SpoDify), which

uses a learning-free pipeline to encode meshes into low-dimensional spectral features

that serve subsequently as the latent variables for training the diffusion-based DGM.

We display our results in Figure 4.1, which are generated by learning on the ShapeNet

dataset [26]. Compared to SOTA methods (3DShape2VecSe [195], NWD [64]) that

rely on deep learning-based encoders or large data representations, our SpoDify can

produce comparable results, and in some cases even superior, by using generative

modeling in a 512-dimensional spectral space.

4.2 Method

Our method SpoDify is inspired by NWD [64], where we additionally introduce an

SVD-based decomposition approach to achieve a more interpretable and computa-

tionally efficient encoding of mesh representations. We show a diagram of SpoDify

in Figure 4.2.

4.2.1 Spectral Representation of Mesh

Clustering Our approach remains effective even with a limited number of training

samples, provided the samples are representative of the larger dataset. We explain
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Figure 4.2: Diagram of SpoDify. We apply singular value decomposition on a set of
the coefficients that are derived by applying a signed distance field and discrete wavelet
transformation on source meshes, resulting in the dataset of spectral features. Here, the
basis V ⊤

d will be stored for later generation; spectral features α will serve as one sample and
will be used for training the diffusion model. To generate a new mesh, the trained diffusion
model generates new α for a given random noise. The generated α will be denormalized and
then multiplied with pre-computed and stored V ⊤ to obtain new low-frequency coefficients
Ci, which can be converted to new mesh Mi.

this in Section 4.2.3. We construct a diverse training set using fewer samples by intro-

ducing a clustering process. First, diffusion maps [35] are applied to the complete set

of available meshes, using the Chamfer distance as the metric, embedding all meshes

into a shared diffusion space that preserves geometric relationships. K-Means clus-

tering is then used to partition the dataset into n clusters, capturing its diversity.

From each cluster, one representative mesh is selected, ensuring broad representation

even with a small subset. Pairwise Chamfer distances between all 3D meshes quantify

shape similarity. The Chamfer distance is implemented using the GitHub reposi-

tory [178]. The resulting distance matrix, capturing geometric similarities between

shapes, is transformed into a similarity kernel matrix using an exponential function

to enhance mesh relationships representation. Diffusion maps [35] are applied to re-

duce high-dimensional representation while preserving intrinsic geometric structure,

extracting the top 64 eigenpairs for low-dimensional embedding of each mesh. This

embedding captures significant modes of variation in the dataset. Clustering on the

diffusion embeddings using K-Means identifies n cluster centroids as representative

shapes encapsulating the dataset’s diversity.

Implicit representation with SDF Next, we represent the geometry of the mesh

with the SDF due to its differentiability and smoothness properties [45]. We sam-

ple from the n representative meshes M1,..,n. Each mesh Mi is scaled to the range
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[−0.5, 0.5]3 to standardize its size and position and then represented as an SDF Si of

resolution 2563, so that

fMi
(x) =

d(x, ∂Mi) x ∈ Mi,

−d(x, ∂Mi) x /∈ Mi,
(4.1)

with d being a suitable point-surface distance. When points in the field are far away

from the shape surface, their value becomes large and unstable (i.e., with increas-

ing deviation). These points are often identified as irrelevant by the model during

training and contribute the least to the prediction of the final shape. To maintain

smoothness and avoid discontinuities, [64] truncates the distance values in the SDF to

the range [−0.1, 0.1]. While this improves the learning, it does not emphasize accurate

predictions along the shapes’ contours. Unlike them, we introduce a limiting function

g(x) =
1

2
tanh (fMi(x))−

1

2
. (4.2)

Through this bounding continuous function, SDF values far from the object’s surface

are constrained to approach zero. Since wavelets, applied in the following step, are

inherently sensitive to local variations, this ensures that the resulting coefficients are

more responsive to the shape boundaries rather than distant regions. As a result, with

distant regions approaching zero, fewer wavelet coefficients are required to encode the

surface, leading to a more efficient shape representation.

Pre-encoding with wavelet transformation Furthermore, we apply the 3D dis-

crete wavelet transformation (DWT) on the preprocessed SDFs to extract localized

features and patterns from the data. This step is essential for efficiently encoding

localized spatial details while reducing redundancy in the representation. DWT can

be considered as a particular type of convolutional layer with specific filter banks for

extracting multi-scale features [120, 52]. Here, selecting an appropriate wavelet fil-

ter is crucial. While Haar wavelet is a popular choice for its simplicity, using it to

encode smooth and continuous signals such as the SDF may introduce some voxeliza-

tion artifacts [64]. For the data representation chosen in this approach, the Coiflet

wavelet [15] is a suitable choice because, empirically, it provides a good balance be-

tween performance (in preserving important geometric features) and reconstruction

accuracy. The application of the 3D DWT on each Si results in two sets of coef-

ficients, i.e., one low-frequency coarse coefficient Ci ∈ R1303 (referred to as DWT

coefficients in this chapter) and high-frequency detail coefficients Di ∈ R7×1303 .
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For the subsequent process, we drop the detail coefficients, as a single-level wavelet

decomposition retains sufficient information in the coarse coefficients for reconstruc-

tion. The difference between Figure 4.3b and Figure 4.3c demonstrates this effect.

However, training a generative model directly on these coefficients (Ci ∈ R1303) re-

mains computationally demanding. To mitigate this, [64] applied hierarchical wavelet

transformation for further compression. In such cases, discarding detail coefficients is

no longer viable, shown in Figure 4.3d, as they must be further predicted from the

coarse coefficients.

(a) Source mesh (b) Detail and coarse coefficients

(c) Coarse coefficients (d) Coarse coefficients after 3-DWT

Figure 4.3: Effect of Wavelet Decomposition levels and the Dropping of High-Frequency
Coefficients on Plane Mesh Reconstruction. (a) Original plane mesh; (b) Reconstructed
plane after applying wavelet decomposition and reconstruction using all coefficients (both
coarse coefficients and fine coefficients); (c) Reconstruction after one single-level wavelet
decomposition level, keeping only low-frequency coefficients (coarse coefficients) and setting
others to zero; (d) Reconstruction after three levels of wavelet decomposition, keeping only
low-frequency coefficients (coarse coefficients) and setting others to zero.

Dataset decomposition with SVD We propose to encode the DWT coefficients

with SVD, which can be conducted through the following steps: (1) for n meshes,

flatten their DWT coefficients, denoted by Ci ∈ Rm,m = 1303, i = 1, . . . , n, (2) stack
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the coefficients, resulting in a matrix X = [C1, C2, ..., Cn] ∈ Rn×m, and (3) perform

singular value decomposition (SVD) on X. Let r ≤ min(m,n) denote the rank of X,

the compact SVD is X = UΣV ⊤, where U ∈ Rn×r and V ∈ Rm×r are semi-unitary

matrices and Σ = diag(σ1, σ2, . . . , σr) contains the singular values on it diagonal. We

arrange the singular values in descending order, i.e., σ1 ≥ σ2 ≥ · · · ≥ σr > 0, for later

truncation. Here, we address:

1. For the geometric information of each mesh (stored in rows of X), the rows of U

compress it drastically when m ≫ n ≥ r, e.g., high-resolution meshes are used

on a small 3D shape dataset with sample number n.

2. SVD can be used to obtain a low-dimensional rank approximation of X by keep-

ing only the d < r largest singular values, where the approximation error depends

on the spectrum ofX. Let X̂d = UdΣdV
⊤
d , where Σd = diag(σ1, . . . , σd) and Ud ∈

Rn×d, Vd ∈ Rm×d obtained from U and V by only keeping the first d columns,

respectively. We have the approximation error: ∥X − X̂d∥2F =
∑r

i=d+1 σ
2
i . SVD

achieves the optimal approximation error by the Eckart–Young–Mirsky theo-

rem [103]. If the spectrum of X decays rapidly, then we can safely truncate off

a large fraction of singular values and keep the error small.

In practice, we maximize computational efficiency by decreasing the approximation

rank d to the lowest value, where the reconstructed mesh shows no visually recognizable

error, and measured infinity error should be acceptable. See Figure 4.5 for an example

of selecting d for the airplane dataset in ShapeNet [26]. Intuitively, each row of Ud

is the low-rank representation of a mesh shape, and its corresponding singular value

reflects its frequency in the entire data set. Thereby, we decide to define the spectral

features of the mesh shape by scaling each row of Ud with its singular value, i.e., rows

of matrix UdΣd. We shall denote by α a row of UdΣd. Also, the column space of Vd

is a subspace of the original wavelet coefficients, serving as a “dictionary” or “basis”

for representing the DWT data. Thus, we define Vd as DWT basis in this chapter. In

this setup, each (flattened) DWT coefficient is approximated by

Ĉi = αV ⊤
d ,

where Ĉi = Ci iff. d = r. In the sequel, we shall train a generative model on

the spectral feature α, and a new shape can be created by sampling a new α from

the model and reconstructing the DWT coefficients with the matrix Vd. Note that

the space where α lies maintains the same smoothness of the SDF space, as only
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continuous functions are applied to those.

4.2.2 Spectral Domain Diffusion

Diffusion model architecture For the diffusion model, we adapt the denoising

diffusion probabilistic model (DDPM) architecture proposed by [61]. However, we

replace the 2D convolutional layers with fully connected dense layers to better handle

the 1D sequence nature of the spectral features α. This modification is motivated by

the fact that the values in α are ordered according to the weights of the corresponding

eigenvectors, and dense layers are better suited to capture global patterns in such

structured data. For training and inference, we utilize a score-matching generative

model, specifically the elucidating diffusion model (EDM) [71, 167], due to its fast

sampling and efficient training capabilities. The diffusion model is trained to predict

the spectral features α from noisy inputs, enabling the generation of new α values that

can be used to reconstruct novel meshes.

Training objective The spectral features α are normalized to the scale [−3, 3] and

used to train the diffusion model. The diffusion model is trained using a composite

loss function designed to ensure accurate prediction of the spectral features α while

preserving the structural integrity of the generated shapes. The loss function is defined

as

L = (1− λ)Lα + λLC , (4.3)

where Lα ensures the model accurately predicts the spectral features α, and LC acts as

a regularization term to incorporate the precomputed DWT basis V ⊤. The individual

loss terms are defined as

Lα = Eσ,α,η∥Dθ(α+ η;σ)− α∥22, (4.4)

LC = Eσ,α,η∥Dθ((α+ η) · V ⊤;σ)− α · V ⊤∥22, (4.5)

where, ln(σ) ∼ N (Pmean, P
2
std), η ∼ N (0, σ2I), Dθ is the implemented neural denoiser

and V ⊤ is the DWT basis obtained from SVD. While V ⊤ does not participate directly

in the training process, it serves as a critical multiplication factor for shape reconstruc-

tion. The regularization term LC ensures that the generated α values, when combined

with V ⊤, produce coherent and structurally valid low-frequency coarse coefficients, as

demonstrated in Section 4.3.3.
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4.2.3 Mesh Generation

Our proposed pipeline yields a set of basis V ⊤ for storing shape elements, and features

α that serve as “weights” that can be combined with the basis and form new shapes.

Thus, at the beginning of our pipeline, we introduce clustering to maximize the shape

elements obtained in the basis V ⊤, ensuring that when the model generates new

spectral features, they can be leveraged to explore the shape space of the larger dataset.

During generation, the trained diffusion model produces new α values from ran-

dom noisy inputs. These generated α values are denormalized with pre-stored scaling

parameters (αmin ∈ Rd and αmax ∈ Rd estimated from source α among all train-

ing samples) and multiplied with the pre-stored V ⊤ to reconstruct the low-frequency

coarse coefficients Ci. Finally, the inverse DWT and marching cube algorithms are

applied to Ci to generate a new mesh Mi.

4.3 Experiments

4.3.1 Experimental Dataset and Setup

Evaluation is conducted on ShapeNet [26] to compare with previous SOTA models.

We focus on the airplane and chair categories from ShapeNet. These categories are

chosen due to their geometric complexity and relevance in benchmarking generative

models for 3D surface reconstruction. For mesh decomposition, we consistently select

a sample size of n = 1k for each dataset and set the reduced dimensionality to d = 512

as the default configuration. An experiment on tuning d is presented in Section 4.3.3.

Training is conducted on a single NVIDIA A10G GPU with a batch size of 32 and a

learning rate of 5 × 10−4 for 100k steps. Using the EDM training pipeline [71], we

retain the original hyperparameters: Pmean = −1.2 and Pstd = 1.2. For inference, we

set σmin = 0.002, σmax = 80, ρ = 5, and T = 64.

4.3.2 Evaluation Metrics

Evaluating the unconditional synthesis of 3D shapes is a different challenge different

than the one we introduced in Chapter 3 due to the absence of direct ground truth

correspondence. To address this, we use established metrics consistent with previous

works which include:
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Chamfer Distance (CD) : This metric measures the similarity between two point

clouds. It computes the average distance between each point in one point cloud and

its closest point in the other point cloud. The Chamfer Distance for two point clouds

P and Q, respectively, is defined as:

CD(P,Q) =
1

|P |
∑
p∈P

min
q∈Q

∥p− q∥2 + 1

|Q|
∑
q∈Q

min
p∈P

∥q − p∥2, (4.6)

where p and q are points in the point clouds P and Q, respectively, and ∥ · ∥ denotes

the Euclidean distance between two points.

Minimum Matching Distance (MMD) : This metric measures the mean Cham-

fer Distance between a sample in the test dataset and its closest sample in the generated

dataset. Lower values indicate better performance. The MMD is given by:

MMD(P,Q) =
1

|P |
∑
p∈P

min
q∈Q

CD(p, q), (4.7)

where P and Q represent the point clouds in the test and generated datasets, respec-

tively.

Coverage (COV) : Coverage measures the percentage of test data that has at

least one corresponding match in the generated data. After assigning every generated

sample to its closest test data based on Chamfer Distance, the Coverage is computed

as:

COV(P,Q) =
1

|Q|
∑
q∈Q

I
(
min
p∈P

CD(q, p) ≤ ϵ

)
, (4.8)

where I is the indicator function, which is 1 if the condition holds, and 0 otherwise. ϵ

is a predefined threshold for matching.

1-Nearest-Neighbor Accuracy (1-NNA) : This metric computes the accuracy of

the nearest neighbor search by measuring the percentage of generated point clouds that

match the nearest ground truth point cloud. Ideally, the accuracy should be around

50%, indicating that the generated data is similar to the test data. The accuracy is

computed as:

1-NNA(P,Q) =
1

|Q|
∑
q∈Q

I
(
min
p∈P

CD(q, p) ≤ min
q′∈Q

CD(q′, p)

)
. (4.9)
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Jensen-Shannon Divergence (JSD) : JSD measures the divergence between the

probability distributions of two datasets. In our context, we convert the point clouds

into discrete voxel grids and compute the divergence between the test and generated

data distributions. The JSD between two distributions P and Q is given by:

JSD(P,Q) =
1

2
(DKL(P∥M) +DKL(Q∥M)) , (4.10)

where M = 1
2 (P + Q), and DKL(P∥Q) is the Kullback-Leibler divergence between

distributions P and Q, defined as:

DKL(P∥Q) =
∑
x

P (x) log
P (x)

Q(x)
. (4.11)

These metrics ensure a comprehensive evaluation of the generated meshes in both

the 3D space and visual quality, addressing various aspects of geometric accuracy,

distributional similarity, and perceptual quality.

4.3.3 Ablation Study

Dimension of the spectral space Reducing the dimensionality of the spectral

space d directly contributes to reducing data size, model size, and computational

costs at the expense of reconstruction accuracy. To investigate this trade-off, we con-

ducted a hyperparameter tuning experiment, varying d across several values. The

goal is to identify an optimal dimension that balances these competing factors while

achieving strong overall performance. Based on the results, we select d = 512 as the

most suitable configuration for our method. Figure 4.5 illustrates the effect of different

truncation levels on various evaluation metrics, while Table 4.1 provides a quantita-

tive comparison of performance across various dimensions (d ≤ n = 1000). Metrics

used for evaluation include minimum matching distance(MMD), Jensen-Shannon di-

vergence(JSD), coverage(COV), and the L2-norm reconstruction error.

At d = 512, our method demonstrates a balanced performance across metrics,

achieving the best trade-off between reconstruction accuracy and generative diver-

sity. Specifically, the L2-norm reconstruction error improves significantly compared

to d = 256, dropping from 1.54 × 10−6 to 5.82 × 10−7. While increasing d to 786 or

1 000 further reduces reconstruction error, this comes at the cost of higher computa-

tional demands and a marginal decrease in generative diversity metrics such as JSD

and COV. Dimension d = 512 strikes an effective balance, delivering strong coverage
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(a) Examples of 3D chairs.

(b) Examples of 3D airplanes.

Figure 4.4: Examples of 3D meshes generated by our SpoDify for qualitative evaluation.

(64.71%) and reconstruction quality without unnecessarily increasing model size or

computational overhead.

Training loss Several techniques have been introduced in our method, i.e., the loss

regularization LC (Equation (4.5)) and the limiting function g(·) (Equation (4.2)).

Thus, we evaluate the impact of each feature through an ablation study. Here, we

consider the following ablated models:

(i) Ablation (w/o LC): Removing the loss regularization of wavelet coefficients LC ;

(ii) Ablation (w/o Lα): Removing the loss term of spectral feature Lα;
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Figure 4.5: Truncation level. Changing the reduced length d of rows in α can impact the
visual quality of final results and the computational power required to train the generative
model. We notice that by truncating the row length until d = 512, no significant visual
artifacts are brought to the reconstructed meshes, whereas with d = 256, reconstructed
meshes show structural errors.

Table 4.1: Ablation study on the dimension of the spectral space out of n = 1000 possible.

d MMD↓ JSD↓ COV(%) ↑ L2 Recons↓

256 1.68 3.28 50.06 1.54E-6
512 1.7 3.1 64.71 5.82E-7
786 1.81 3.05 69.55 1.49E-7
1 000 1.76 2.9 61.05 0

(iii) Ablation (w/o g(·), LC): Deactivating the limiting function on SDF g(·) and

removing the loss regularization of wavelet coefficients LC ;

From the results presented in Table 4.2, we have the following observations: (1) The

full model, which includes all three components (LC , Lα, and g(·)), achieves in average

the best performance; (2) Removing the wavelet coefficient regularization (LC) results

in a slight increase in MMD and JSD, as well as a drop in COV, indicating that

LC helps in improving coverage and reduces discrepancy; (3) Removing the spectral-

Table 4.2: Ablation study on training and regularization losses with the airplane Dataset
from ShapeNet. Configurations are formed by different combinations of parameters: V ⊤

indicates the inclusion of regularization loss with respect to the wavelet domain, g denotes
the use of a limiting function on SDF values, and α specifies the inclusion of loss with respect
to the spectral space.

g(·) LC Lα MMD↓ JSD↓ COV(%) ↑

SpoDify ✓ ✓ ✓ 1.7 3.1 64.71
Ablation (i) ✓ ✓ 1.776 3.27 61.05
Ablation (ii) ✓ ✓ 1.73 3.47 45.17
Ablation (iii) ✓ 1.64 3.15 56.1
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Figure 4.6: Shape novelty analysis on ShapeNet [26] chair category. We plot the distribu-
tion of 500 chair samples generated by our method and their closeness to the training dataset.
Additionally, we display samples to visualize the similarity of various CD values, where green
chairs are from the training dataset and red chairs are generated.

feature regularization loss (Lα) leads to a notable increase in JSD and a significant

decrease in COV, confirming that Lα is key to maintaining the diversity and quality

of the generated shapes; (4) When both g(·) and LC are removed, the model performs

better in terms of MMD compared to removing Lα alone, but it still lagged behind

the full model in JSD and COV. This suggests that while the limiting function g(·)
and the wavelet regularization term help in coverage, they do not fully compensate

for the loss of spectral regularization.

In conclusion, our findings emphasize the importance of all three components in

achieving the best performance. The wavelet coefficient regularization LC and the

limitation function g(·) contribute to model stability and coverage, while the spectral

regularization loss Lα is essential for maintaining high-quality outputs and preventing

overfitting. The full model, with all components, strikes the optimal balance between

MMD, JSD, and COV, demonstrating the effectiveness of our design choices.
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Table 4.3: Quantitative evaluation of our proposed pipeline and current 3D shape gen-
erators. Metrics are computed over ShapeNet classes airplane and chair using the Chamfer
distance (CD). NWD provided generated meshes for evaluation, while UDIff did not release its
ShapeNet meshes. Due to computational constraints, we did not retrain UDiFF to compute
JSD, resulting in missing values.

Category Method 1-NNA ↓ MMD ×10−3 ↓ COV (%) ↑ JSD ↓

Airplane
NWD [64] 97.24 1.69 71.2 2.9
UDiFF [200] 74.48 0.315 64.77 -
Ours 97.98 1.7 64.71 3.1

Chair
NWD [64] 53.4 1.180 45.19 0.027
UDiFF [200] 65.96 1.167 52.58 -
Ours 46.69 1.114 53.5 0.022

Table 4.4: Efficiency comparison. Our approach can use less than 90% GPU compared
to TetraDiffusion [69] and be trained in a few hours compared to days needed for NWD [64]
and UDiff [200]. For NWD and UDiFF, the (+12) indicates additional GPU memory used for
training the detail predictor network, separate from the main network responsible for global
coefficient training.

Method
Representation Training Inference

Dimension Compression rate GPU (GB) Speed (it/s) Duration (h) Speed (s/obj)

NWD [64] 2563 (46/256)3 = 5.8‰ 5.3 (+12) 15.3 84 3.6

TetraDiffusion [69] 1923 (192/192)3 = 100% 78.2 0.3 - 33.3

UDiFF [200] 2563 (46/256)3 = 5.8‰ 4.5 (+12) 4.89 84 3.4

Our SpoDify 2563 512/2563 = 0.03‰ 7.2 100 3 3.3

4.3.4 Results

Qualitative comparison To evaluate the performance of our method, SpoDify, we

first conduct a qualitative evaluation against several leading 3D mesh generation mod-

els while focusing later on the trade-off between performance and model complexity.

We display the qualitative comparison in Figure 4.7. The evaluation is performed on

the ShapeNet categories airplane and chair, where we compare the results of SpoDify

to those of NWD [64], UDiFF [200], and 3DShape2VecSet [195]. Our primary ob-

jective is not to surpass the SOTA generation models but to demonstrate that our

method can achieve comparable or near-SOTA performance with a significantly less

complex architecture and less computational power. While being able to fully capture

the diversity of the dataset, our model maintains the structural properties of the un-

derlying dataset. We notice that generated samples rarely present floating material or

other structural artifacts that are physically incoherent in practice.
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(a) 3DShape2VecSet [195]

(b) NWD [64]

(c) Our SpoDify

Figure 4.7: Qualitative comparison of chairs generated by different methods: (a)
3DShape2VecSet [195], (b) NWD [64], and (c) our SpoDify. The results from 3DShape2VecSet
show a significant amount of artifacts, e.g., floating material and incomplete component; the
results from NWD perform better in results plausibility but tend to be simple designs; mean-
while, our SpoDify is able to generate complicated designs and meantaining a high level of
plausibility.

Quantitative comparison In the further quantitative comparison with SOTAmeth-

ods, as results shown in Table 4.3, our SpoDify performs competitively across various

metrics, including 1-nearest-neighbor accuracy (1-NNA), minimum matching distance

(MMD), coverage (COV), and Jensen-Shannon divergence (JSD), indicating that it

can generate high-quality 3D shapes similar to those produced by more complex mod-

els. In particular, our model outperforms the state of the art on the chair dataset.

Moreover, COV values are consistently large, as the implicit representation adopted

ensures the capability of reconstructing training samples.

Shape novelty analysis This study examines the capacity of our proposed method

to generate novel shapes with respect to the ones in the training dataset. To do so, we

build on the work by [152] and synthesize 500 chairs using SpoDify. All shapes (gen-

erated and from the training set) are preprocessed through normalization into a unit

cube, ensuring a standardized and equitable framework for comparison. We employ

Chamfer Distance (CD) as the metric to quantify the similarity between shapes. We

use CD to determine the sample in the training dataset that is the most similar to the
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generated chair. From the CD distribution shown in Figure 4.6, we observe that our

model generates not only shapes that closely match those in the training set (low CD)

but also produces realistic shapes that differ significantly from the training set shapes

(high CD).

Efficiency comparison Table 4.4 highlights the comparative efficiency of various

methods regarding training and inference requirements. Additionally, it reports the

compression ratio between the input mesh and its corresponding representation used

as input to the training model. Our proposed method demonstrates outstanding im-

provements in training speed and duration due to the impressive compression rate

while requiring minimum GPU usage, while achieving comparable state-of-the-art re-

sults. Specifically, our method achieves the fastest training speed at 100 iterations per

second (it/s), thanks to its streamlined model backbone, which significantly outpaces

competing methods such as NWD [64] (15.3 it/s) and UDiFF [200] (4.89 it/s). This

acceleration reduces the time required for large-scale training scenarios, making it fea-

sible to handle extensive datasets without excessive computational cost. For inference,

our method achieves a speed of 3.3 seconds per object, marginally surpassing UDiFF

(3.4 s/obj) and vastly outperforming TetraDiffusion [69] (33.3 s/obj).

Moreover, our model leverages an efficient data compression strategy, achieving

a compression rate of 512/2563 = 0.03‰, which contributes to reduced memory

overhead during processing. Meanwhile, 3DShape2VecSet [195], while effective in

certain scenarios, is hindered by the exceptionally large size of its data representa-

tion—approximately 300 GB—making it challenging to download and impractical to

evaluate comprehensively under typical resource constraints.

4.4 Conclusion

Unlike prior works that rely on training to store shape information within the au-

toencoder parameters, our approach introduces a novel application of singular value

decomposition to extract two components from the source data: (1) spectral features,

a compact latent representation utilized to train the generative model, and (2) the ba-

sis, which provides foundational information for data reconstruction and is preserved

during decomposition for reuse during the generation process. We are the first work

to use the outputs of singular value decomposition as inputs for training generative

models, we demonstrate that its outputs (spectral features and basis) can be effectively

leveraged for generative modeling, enabling the synthesis of novel shapes.
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Furthermore, our SpoDify not only maintains high-quality reconstruction but also

achieves significant improvements in scalability, reducing training times from days

to hours and compressing data dimensionality from gigabytes to megabytes. These

advancements mark a crucial step toward making 3D generative models practical for

handling high-dimensional data, especially when the amount of data is limited, and

open up new avenues for research and applications.



Chapter 5

Learning Efficient

Representations for

3D-Surfaces

Despite the advancements made in generating plausible engineering designs in the

both forms of cross-section blueprints or meshes, utilizing natural CAD data remains

our ultimate objective. However, as we initiated the study, we found that both the

data representation and the generative capabilities of DGMs had not yet sufficiently

advanced to address the generation of 3D B-Reps. With the growing interest and effort

in this field, current advancements appear promising, as demonstrated in Section 1.4.

Although these most recent works [66, 187] have already enabled the direct generation

of B-Rep solids, they rely on UV-grids to represent the geometry of each surface,

which is less optimal compared to the natural surface form, NURBS. Therefore, in

this chapter, we propose NeuroNURBS, which addresses the research question 4: How

to enable DGMs to directly synthesize CAD native representation? The content of

this chapter has been published in paper [166].

5.1 Introduction

Boundary Representation (B-Rep) [177, 87] is commonly used to represent shapes and

solids in computer-aided design (CAD) — widely applied in industrial design, simula-

tion, and manufacturing. In a B-Rep, the solid boundaries are defined using a set of
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(b) B-Reps generated by BrepGen. The undulation of generated surfaces can be 
observed by zooming in to high-degree surfaces.

(c) B-Reps generated by NURBS-Gen. Parametric surfaces generated by NURBS-Gen 
are much smoother.

Other B-Rep 
generative models

UV-grids

Our NURBS-Gen NURBS surfaces B-Rep

approximation

(a) NURBS is an unavoidable data representation in B-Rep 
generation pipelines. 

Generation Frameworks Generated B-Reps

Figure 5.1: Why do we need UV-grids, if we could directly learn on NURBS.
(a) Comparison of various generation frameworks. (b) Visualization of generated results.
Our NURBS-Gen can directly generate valid NURBS parametrization and hence ensure the
smoothness and regularity of the surfaces, in contrast to the BrepGen surfaces, which appear
undulating.

surfaces [177, 39], which are, by default, parameterized by Non-Uniform Rational B-

Splines (NURBS) [128]. Deep learning could offer solutions to several computational

tasks important to the industry, e.g., B-Rep generation and solid segmentation. Aim-

ing to solve these tasks, various works have been devoted to learning the geometry

and topology of B-Rep data [67, 36, 66, 179, 187]. A major work, BrepGen [187],

decomposes the B-Rep entities (faces, edges, vertices) into a tree data structure that

encodes the topological information.

Despite the success of learning the topology of B-Rep, we find that these works [187,

67, 101] utilize a parametric approximation to surfaces, that is representing the surface

with a certain number of 3D points uniformly distributed in the UV-domain, i.e., a

UV-grid [67]. More details about UV-grids are introduced in Section 5.2. However, this

approach has several drawbacks: (1) the approximation to the target surface is often

imprecise unless a dense UV-grid is used to achieve an acceptable error range [67,

111, 109]. (2) The demand for high accuracy often incurs large data sizes, model

sizes, and computational costs, which is sometimes unnecessary. For example, planar

surfaces are represented by 32×32 3D points in [187]. (3) Generative models that use

UV-grid-based surface approximation, e.g., BrepGen, can produce artificial undulating

patterns on the surface. For instance, we showcase several solids generated by BrepGen

in Figure 5.1 (a), where some sections of the curvy surface are not perfectly smooth.
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Motivation Alternatively, it is more natural and advantageous to use the NURBS

parametrization in the solids learning task: NURBS are more accurate [128, 109, 39],

easier to manipulate [127, 63], and have less parameters [128, 44] compared to UV-

grids. However, incorporating the parameters of a NURBS surface in deep neural

networks is not trivial: (1) The parameters — control points, knot vectors, and weight

matrix (see explanation in Section 5.2) — have varying sizes across surfaces in a B-

Rep data set. It is challenging to unify them into a fixed-size input to a deep neural

network. (2) These parameters are related (e.g., control points are only meaningful

together with knot vectors and and the dimension of the weight matrix depends on

the number of control points), and hence, they should be encoded and decoded jointly

if we wish to learn a shared latent representation thereof.

Contribution We target learning an effective representation of NURBS parame-

ters, for which we design a pipeline that preprocesses raw B-Rep solids into learnable

NURBS parameters and propose the NeuroNURBS model to autoencode the hetero-

geneous sizes of NURBS parameters. We refer to the resulting latent representation

as NURBS features. More precisely, NeuroNURBS is our proposed pipeline to convert

NURBS parameters into NURBS features that can be used in downstream tasks, e.g.,

solid segmentation and generation. In Figure 5.1 (b), we illustrate some examples

of surfaces generated with NURBS-Gen, which is obtained by replacing the prepro-

cessing and autoencoder of surface entities with NeuroNURBS in the BrepGen [187]

framework. As seen from Figure 5.1, the surfaces generated with NeuroNURBS and

NURBS features are very smooth and regular. To evaluate NeuroNURBS, we conduct

the following experiments:

1. We compare its performance with the UV-grid method for reconstructing sur-

faces on DeepCAD [182] in terms of accuracy, memory efficiency, and computa-

tion cost (Section 5.4.2). We see the memory required to store features of solids

is reduced by 79.9%, the surface autoencoder’s size is reduced by 92.9%, the

GPU consumption for training the surface autoencoder is reduced by 86.7%. We

further test on the ABC [76] dataset, where our method NeuroNURBS shows a

near-perfect surface reconstruction.

2. We test the NeuroNURBS on two downstream tasks: B-Rep generation on Deep-

CAD [182] and ABC [76] (Section 5.4.3) and solid segmentation on MFCAD [23]

(Section 5.4.4). For the former, our NURBS-Gen improves the FID (Fréchet In-

ception Distance [58]) from 30.04 (achieved by BrepGen) to 27.24 on DeepCAD
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dataset. For the latter, using NeuroNURBS achieves an accuracy of 99.65%.

5.2 Preliminaries

UV-grids A 3D freeform surface S can be approximated by a parameterized func-

tion F(u, v) : R2 → R3, which is learned on a number of points evenly distributed in

[umin, umax] × [vmin, vmax] ∈ R2. F(u, v) is called UV-grid function (see the left side

of Figure 5.2). To learn the grid function, one can sample n×m points (along the U

and V dimensions, respectively) from the target surface. A large sample number can

increase the approximation accuracy of the original surface but this comes at the cost

of higher-dimensional representation, leading to increased training times and memory

requirements.

Non-Uniform Rational B-Splines Non-Uniform Rational B-Splines (NURBS)

are essentially B-splines applied in homogeneous coordinates, rather than 3D coor-

dinates, i.e., (x, y, z, w) 7→ (x/w, y/w, z/w). Each NURBS of order n (polynomial of

degree n− 1) requires n control points and 2(n− 1) knots. A NURBS curve C(u) can

be defined using coordinate u with the formula:

C(u) =

∑n
i=1 N

p
i (u)wipi∑n

i=1 N
p
i (u)wi

, (5.1)

where pis are 3D control points and Np
i s are basis functions of degree p ≤ n − 1,

defined recursively on a knot vector (u1, . . . , ui, . . . , un+p+1):

Np
i (u) =

u− ui

ui+p − ui
Np−1

i (u) +
ui+p+1 − u

ui+p+1 − ui+1
Np−1

i+1 (u) (5.2)

N0
i (u) =

1 if ui ≤ u < ui+1 ,

0 otherwise.
(5.3)

A NURBS surface S(u, v) : R2 → R3 is the tensor product of two NURBS curves,

CU (u) (on n control points with order p) and CV (v) (on m control points with order

q):

S(u, v) := CU (u)CV (v) =

∑n
i=1

∑m
j=1 N

p
i (u)N

q
j (v)wijpij∑n

i=1

∑m
j=1 N

p
i (u)N

q
j (v)wij

,

which takes the following parameters: a grid of control points p ∈ Rn×m×3, weights

W ∈ Rn×m, the U -direction knot vector U = (u1, . . . , un+p+1) ∈ Rn+p+1, and the
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V -direction knot vector V = (v1, . . . , vn+q+1) ∈ Rm+q+1.
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Figure 5.2: Diagram for NeuroNURBS. Right: two parts of NeuroNURBS, preprocessing
and autoencoding NURBS parameters. Left: a simplified diagram for UV-grid, where the
approximation from UV-grid back to NURBS surface is not deterministic.

5.3 Method

UV-grids enable the direct learning on B-Rep solids, but a UV-grid still serves as an

approximation to the source surface, whereas using NURBS parametrization is a more

natural and advantageous choice: NURBS are more accurate [128, 109, 39] and have

less parameters [128, 44]. However, using modern neural networks to operate NURBS

parameters is understudied and remains challenging (see Section 5.3). To address this,

in this section, we describe NeuroNURBS which consists of a preprocessing pipeline

for NURBS parameters and an autoencoder that is able to encode NURBS parameters

into a low-dimensional feature space for downstream application.

To represent a surface, we propose to take its NURBS parametrization directly,

which can be extracted from the B-Rep model, e.g., with OpenCascade functionalities.

Compared to the UV-grid approach, the NURBS parametrization is (1) smooth and

describes the surface precisely; (2) it can be memory efficient since it only requires

storing a collection of 3D control points, a weight matrix, and two knot vectors. How-

ever, developing a deep learning model that takes as input the parameter of NURBS

is challenging:

• NURBS parameters have different dimensions, e.g., a knot vector is a 1D object

and control points are 3D objects and vary in size from one surface to the other.

• for a generative task, NURBS parameters have to be combined in the encoder

and the decoder must map each latent point to a set of valid parameters.
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We propose NeuroNURBS to resolve these challenges. It consists of two components:

a preprocessing pipeline for the NURBS parameters (see below) and an autoencoder

to learn an effective representation of NURBS parameters. We depict our method

in Figure 5.2.

Table 5.1: Performance comparison of UV-grids and NURBS in surface representation
tasks. All are evaluated on the DeepCAD dataset, except for the surface reconstruction,
which is evaluated on the DeepCAD (D) and ABC (A). We find that the reconstruction
on NURBS data can achieve comparable accuracy as the one on UV-grids while offering
significant advantages in representation efficiency.

Input data size Autoencoder size Surface reconstruction Construction speed

Surface Solid VAE GPU CD EMD speed

(MB/10k) (GB/10k) #Param. (GB) (×10−5) ↓ (×10−3) ↓ (NURBS/s)↑

UV-grids 245.8 37.7 84M 17.61 4.47 (D), 3.20 (A) 1.90 (D), 1.52 (A) 230

NURBS 8.16 (96.7% ↓) 7.6 (79.9%↓) 6M (92.9%↓) 2.35 (86.7%↓) 4.23 (D), 3.04 (A) 1.83 (D), 1.67 (A) 3230 (92.9%↑)

5.3.1 Preprocess NURBS Parameters

We consider the control points p, weights W , and knot vectors U and V for the

learning task, which we call the NURBS parameters. We exclude degrees p (degree in

the U-direction) and q (in the V-direction) from parameters since they can be easily

calculated: p is the length of knot vector U minus n + 1, where n is the number of

control points in the U direction. The degree q can be determined in the same way.

Normalization For control points pij = (xij , yij , zij), we determine the coordinate

axis with the largest range among three coordinates:

d = max (xmax − xmin, ymax − ymin, zmax − zmin), (5.4)

and then normalize the coordinates as x̂ij = (xij − xmin)/d (same for y-axis and z-

axis). The normalization ensures (x̂ij , ŷij , ẑij) ∈ [0, 1]. Note that weights wij also

take values in the unit interval. Hence, we concatenate p and W together: Pw =

[(x̂ij , ŷij , ẑij , wij)]i∈[1..n],j∈[1..m] ∈ Rn×m×4.

Padding With a padding value of 0, we augment Pw to a tensor of size (d, d, 4),

where d is the largest number of controls points across all surfaces in a data set. We

also pad the knot vectors U and V to length k (the length of the longest knot vector

in a data set). To combine the knot vector and control points, we duplicate the knot
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vector to a tensor of shape (d, d, k). Also, we save the padding mask of Pw for the

autoencoder. Although the padding seems to impair the efficiency of the NURBS

representation, the padding parts are omitted when training the transformer-based

autoencoder using the padding mask.

5.3.2 Learning NURBS Features with Autoencoder

We study recent works in multi-modal and multi-task autoencoding [113, 43, 8, 121]

and design a VAE model to learn a latent representation of the NURBS parameters,

which we call NURBS features.

Our autoencoder is inspired by MultiMAE [8]. We use separate dense layers for

each preprocessed NURBS parameter (control points with weights Pw, U-knot vector

U and V-knot vector V ). The sum of the dense outputs is then processed with a

sine-cosine position embedding and is then input into a transformer together with the

control point padding mask. For the selection of a different transformer backbone from

MultiMAE [8], we do not use the Vision Transformer (ViT) [78] as our data has a low

dimension and does not require patch embedding, but the introduction of a padding

mask would be helpful. Thus, we select a transformer backbone from BERT [40]. Each

transformer block is eight layers of four-head self-attention blocks. Followed up with

a fully connected dense layer, we obtain µ ∈ Rdz and σ ∈ Rdz , which will then be

reparameterized into the surface token Z ∈ Rdz , like every VAE model. To reconstruct

the NURBS parameters from the NURBS feature Z, we employ multi-task decoding,

namely a separate decoder for each parameter. See Figure 5.2 for the visualization of

the model architecture.

During the training, we compute the loss: L =
∑3

i=1 ∥xi − x′
i∥22, where x1 = Pw,

x2 = U , x3 = V are the NURBS parameters, and x′
1 = P ′

w, x′
2 = U ′, x′

3 = V ′

are the reconstructed NURBS parameters. Practically, adding a KL-divergence term

could help convergency. For the VAE training and inference, inputs are normalized to

[−1, 1] and outputs of decoding will be denormalized to [0, 1]. Notably, for generated

NURBS parameters, we perform the following post-generation checks: we remove

control points with weight less than or equal to 0, and clip knot vectors once the value

in the sequence reaches 1.
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Figure 5.3: Qualitative evaluation of surface reconstruction on the ABC dataset. Consid-
ering that both pipelines work perfectly well on simple surfaces, we select surfaces of degree
≥ 5 for qualitative evaluation. We visualize results in evenly sampled points and marked
measured CD (the higher the worse) on the sample. First row : source surfaces; Second row :
surfaces reconstructed by UV-grid VAE of BrepGen; Third row : surfaces reconstructed by
NURBS-based VAE of NeuroNURBS.

5.4 Experiments

We performed several experiments to investigate the effectiveness of our NeuroNURBS.

NURBS parameters are more efficient than UV-grids for surface representation and

can also be used as learning data. To demonstrate this, we compare its performance

with UV-grids w.r.t. accuracy, memory efficiency, and computation cost (Section 5.4.2)

on the DeepCAD dataset. After showing NURBS’s utility in efficient representation,

we introduce NURBS features encoded by NeuroNURBS into two downstream tasks:

(1) The CAD (B-Rep) generation task on the DeepCAD dataset(Section 5.4.3), and

(2) The solid segmentation task on the MFCAD data set (Section 5.4.4).

5.4.1 Datasets

DeepCAD We introduce the DeepCAD [182] and the ABC [76] datasets for the

experiment of surface reconstruction and solid generation. The DeepCAD dataset

originally contains CAD data in the form of a sequence of engineering operations

that can be converted into B-Reps with their pre-defined construction algorithm. We

follow the previous work [187], i.e., filtering out invalid B-Reps shapes (in case of

multiple solids or being not watertight) and B-Reps with more than 30 surfaces. We

use the train-val-test splitting of DeepCAD, resulting in 69 512 B-Reps for training and

7 083 B-Reps for testing; for ABC dataset, we randomly split the samples with the

90-5-5 ratio. Closed surfaces, e.g., cone surfaces, are cut into two separate NURBS

surfaces as done in [66]. In representing surfaces as UV-grids, we set n = m =

32, the same as [187]. For training the autoencoder in NeuroNURBS, we list all
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NURBS surfaces from the training solids and remove duplicated surfaces, obtaining

59 961 unique NURBS surfaces from the DeepCAD dataset (163 633 from ABC). The

preprocessing of NURBS surfaces has been detailed in Section 5.3. Here, we set the

NeuroNURBS hyperparameters d = 10, k = 10, dz = 48. In Section 5.3.

For the solid segmentation experiment in Section 5.4.4, we introduce the MF-

CAD [23] dataset of 15 488 CAD solids in the STEP file format, which is the standard

file format for B-Rep. MFCAD is designed for the machining feature segmentation

task, where there are 16 various face labels and each face is labeled with a certain

class. We split the MFCAD solids into train-val-test datasets with a ratio of 70-15-

15, resulting in 10 842 solids for training. For all surfaces from training solids, we

first remove duplicated surfaces and then split the surfaces into train-val-test datasets

with a ratio of 90-5-5, where we collect 24 603 NURBS surfaces for training the Neu-

roNURBS. The surface embedding follows the pipeline described in Section 5.3, where

we set d = 2, k = 4, dz = 48.

5.4.2 Surface reconstruction

We present a comparative analysis between our proposed method and the UV-grid

approach for surface reconstruction. For the UV-grid representation, we adopt the

surface VAE and the weights from BrepGen [187] as a baseline. Our objective is

to systematically evaluate the performance of our NeuroNURBS (the NURBS VAE,

introduced in Section 5.3.2) relative to the UV-grid VAE from BrepGen. The com-

parison focuses on several key criteria: learning data size, model size, reconstruction

error, distribution learning capability and NURBS construction speed. A summary of

the results is provided in Table 5.1.

Input data size We randomly sample 10k surfaces from the source solids, collecting

the corresponding NURBS parameters and sampling UV-grid on a 32× 32 resolution

for each surface. As shown in Table 5.1, representing surfaces with NURBS parameters

reduces memory usage by 96.7% compared to UV-grid data. For solid representations,

B-Rep entities are structured as trees and surfaces are encoded either as UV-grids

or NURBS. In this setting, using NURBS for surface representation leads to a 79.9%

reduction in memory cost.

Computational cost and reconstruction error The VAE model size and com-

putational requirements differ significantly between representations. In Table 5.1, we

observe the surface VAE from BrepGen has 84M parameters, which takes a UV-grid
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of dimension 32 × 32. In contrast, our method requires only 6 million parameters.

When training both VAEs with a batch size of 512, the UV-grid VAE requires 17.61

GB of GPU memory, while our NURBS-based method uses only 2.35 GB—an 86.7%

reduction.

For reconstruction accuracy, we report the average Chamfer Distance (CD) and

Earth Mover’s Distance (EMD) between input and reconstructed surfaces, evaluated

on 10k pairs with 32× 32 uniformly sampled points per surface. In the early stages of

this work, we evaluated the reconstruction using MMD, but it turned out to be un-

suitable for reconstruction accuracy because it does not directly measure the distance

between the source and the generated surface. The results of CD and EMD, summa-

rized in Table 5.1, quantify the reconstruction error for both methods. For UV-grid

representations, source and reconstructed UV-grids are directly used for evaluation.

We note that the performance of NURBS VAE and UV-grid VAE is comparable in the

case of sufficient training, while NURBS has a clear advantage in terms of representa-

tion efficiency. In Figure 5.3, we demonstrate the reconstruction of complex surfaces

labeled with chamfer distances. Although the undulation problem is easily observed on

surfaces reconstructed by UV-grid VAE, their measured CDs are concerningly better

than the ones of NURBS VAE.

NURBS construction In B-Rep generation tasks, UV-grid representations require

a surface fitting step (e.g., GeomAPI PointsToBSplineSurface in PythonOCC) to con-

vert grids to NURBS surfaces. In contrast, our NeuroNURBS approach only requires

denormalizing the NURBS parameters (see Section 5.3.1) and passing them to a CAD

tool (e.g., Geom BSplineSurface in PythonOCC), which is computationally inexpen-

sive. As shown in Table 5.1, our method increases NURBS construction speed by

92.9%.

Most importantly, as a main flaw of using the UV-grid representation and the

biggest advantage of using NURBS directly, we investigate the degree evolution dur-

ing surface reconstruction. Table 5.2 presents the degree distributions for the test

set, the surface VAE, and NeuroNURBS. Our method precisely matches the degree

distribution of the test data, as it directly learns a latent representation of the NURBS

parameters. In contrast, UV-grid methods tend to produce surfaces with higher poly-

nomial degrees, leading to increased data size of resulted NURBS and the introduction

of artificial undulations, as illustrated in Figure 5.1. For a fair comparison, we have

removed the lower degree constraint in the PythonOCC approximation function. In

the Supplementary Material, we also add the surface degree distribution of real-world
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Table 5.2: The empirical distribution of the degree of polynomials along U(V) direction
are measured in two tasks: surface reconstruction and generation. To reconstruct surfaces,
BrepGen heavily leverages the UV-grid VAE and the UV-to-NURBS approximation function,
which causes serious distortions in the surface properties (e.g., planes become uneven), as we
highlight in red in the table. Note that, for this test, we remove the bottom limitation of
degree in the PythonOCC approximation function. On the other hand, having the same degree
distribution in both test and reconstructed surfaces means a perfect reconstruction of our
NeuroNURBS. In addition, we added the surface degree distribution of real-world solids (car
rims), where 30.41% of the high-degree surfaces (≥ 5) have a degree of 5.

NURBS
source

Distribution of surface degrees

d = 2 3 4 ≥ 5

Surface reconstruction

Test data (surfaces) 88.59% 2.03% 0.00% 9.38%
UV-grid VAE [187] 0.00% 94.01% 5.92% 0.07%
NeuroNURBS 88.59% 2.03% 0.00% 9.38%

Solid generation (DeepCAD dataset)

Test data (solids) 93.45% 2.32% 0.00% 4.50%
BrepGen [187] 0.00% 0.00% 99.99% 0.01%
NURBS-Gen 88.69% 0.88% 0.00% 10.43%

Solid generation (ABC dataset)

Test data (solids) 82.26% 8.26% 0.04% 9.44%
BrepGen [187] 0.00% 0.00% 99.76% 0.23%
NURBS-Gen 80.26% 2.96% 0.26% 16.5%

Real-world solids 35.96% 28.51% 0.81% 30.41% (d=5) + 3.65%

solids (car rim), where which sharpens the drawbacks of using a UV-grid.

5.4.3 CAD (B-Rep) Generation

BrepGen [187] generates B-Rep solids by progressively creating the B-Rep entities

(i.e., faces, edges, and vertices) following a hierarchical tree structure from top to

bottom with four diffusion models, which are Transformer-based DDPM [61]. For

generating faces and edges, each node in the tree structure contains a node feature

representing the global bounding box of each face/edge and a latent code for local

geometry, e.g., the shape of the surface. BrepGen represents all B-Rep surfaces as

UV-grids, and fits UV-grids to NURBS surfaces after generation. Here, we substitute

the surface VAE model, implemented by BrepGen for autoencoding UV-grids, with

our NeuroNURBS (Section 5.3.2). Technically, we set the latent dimension of our

NURBS VAE to dz = 48, which is exactly the same as the latent dimension of surface

VAE in BrepGen. Then, we fine-tune the four pre-trained diffusion models in BrepGen
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(a) DeepCAD (b) BrepGen (c) NURBS-Gen

Figure 5.4: Qualitative evaluation. It is observe that DeepCAD often generates invalid (i.e.,
multiple and collapsed) solids; while BrepGen and our NURBS-Gen are able to synthesize
clean and upstanding B-Rep solids. In Figure 5.1, we visualize generated samples from
BrepGen and NURBS-Gen with zooming-in for a deep-diving qualitative evaluation.

(i.e., diffusion models for face bounding box, face geometry, edge bounding box, edge

geometry, and vertex coordinates) on the DeepCAD data set. We call the resulting

model NURBS-Gen. As for the details, face denoisers are fine-tuned with a batch size

of 256 for 1 000 epochs, the edge denoisers with a batch size of 64 for 500 epochs,

and the training is conducted using one NVIDIA A10G GPU. As for the inference,

the sampling process of NURBS-Gen follows the pipeline of BrepGen and the surface

decoding is replaced by the decoder in NeuroNURBS.

Results We generate 3 000 B-Rep solids with DeepCAD model [182] (only for Deep-

CAD data, because the ABC data contains no construction operations for training

DeepCAD), BrepGen [187], and our NURBS-Gen and compare them to 1 000 test

solids. For the DeepCAD model and BrepGen, we utilize their model checkpoints that

are pre-trained on the target dataset. Between the generated and test solids, we com-

pute Minimum Matching Distance (MMD), Coverage (COV), and Jensen-Shannon

Divergence (JSD) metrics. To calculate these metrics, we convert each solid into a

point cloud with 2 000 points, following the evaluation method in [182, 187]. We show

the results in Table 5.3.

We argue that the above evaluation method, which takes as input point clouds,

might be biased toward methods like BrepGen, which utilizes UV grids. Hence, we

additionally measure the Fréchet Inception Distance (FID) [58] between the 3D solids

rendered in 2D with a certain viewpoint. We repeat the FID calculation for 20 different

viewpoints and report an average FID value, as proposed in [184, 196].

To check the validity of the generated solids, we first convert each generated B-

Rep solid to a STEP file until 3 000 STEP files are obtained. Then, we use the
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Table 5.3: In the CAD (B-Rep) generation task, we list the performance of NURBS-Gen
and other related models in terms of the COV, MMD (×10−2), JSD (×10−2), and Valid
ratio.

Model MMD ↓ JSD ↓ COV (%) ↑ FID ↓ Valid (%) ↑

DeepCAD dataset

DeepCAD 1.41 3.92 77.9 14.36 34.79
BrepGen 1.02 1.16 74.7 30.04 60.95
NURBS-Gen 1.10 0.98 73.9 27.24 64.58

ABC dataset

BrepGen 1.68 3.1 46.4 24.28 48.1
NURBS-Gen 1.51 3.0 52.3 21.12 50.7

BRepCheck Analyzer() and IsValid() functions from pythonOCC to test the wa-

tertightness of each solid. From this process, we calculate a valid ratio among all

generated solids (including the ones not saved as STEP files) for each method.

Based on the results of the quantitative evaluation in Table 5.3, NURBS-Gen

consistently outperforms BrepGen with a slight edge. Note that the main advan-

tages brought by our approach are representation efficiency, better surface quality and

a CAD-native approach. Also, we visualize some generated solids from DeepCAD,

BrepGen, and NURBS-Gen in Figure 5.1 and Figure 5.4. In Figure 5.1, we observe

that BrepGen solids are undulating, i.e., they exhibit the wobbly geometry described

in [187]. In contrast, our NURBS-Gen can generate smooth and regular surfaces and

accurately join the surfaces.

5.4.4 Segmentation

In the task of machining feature segmentation [23, 36], current state-of-the-art model [67]

tends to leverage increasing information of geometry or topology (e.g., face normal vec-

tor, face geometry, trimming mask, face adjacent or edge features) from the source

B-Rep solid to perform accurate machining feature recognition.

We design a NURBS-based segmentation model, NURBS-GAT, that leverages a

Graph Attention Network (GAT) [175] to operate the graph data derived from B-

Rep. Replacing the graph convolutional network (GCN) in CADNet with a GAT is

due to constant memory issues when increasing the size of the node features. For

the graph data, a stack of NURBS feature encoded with NeuroNURBS, face normal

vector n and coefficient d calculated from a planar equation serves as the (48+3+1)-

dimensional node feature V and the face adjacency serves as edge connection, as shown
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Table 5.4: Ablation study on machining feature segmentation task. Although UV-GAT
shows a comparable results to our NURBS-GAT, but their model size is significantly larger.

Ablated model Acc. (%) #Param.

CADNet (with GAT) 92.18 0.02M
UV-GAT 99.63 34.2M
NURBS-GAT (only NURBS feature) 97.03 1.28M
NURBS-GAT 99.65 1.29M

in Figure 5.5. Now, we use the ablation study to show the importance of each input

feature by conducting the ablation study on NURBS-GAT.

NURBS-GAT (only NURBS features) We remove the face normal vector n and

coefficient d from the node features of NURBS-GAT, resulting in node feature V ∈ R48.

CADNet (with GAT) We remove the NURBS feature from the node of NURBS-

GAT, resulting in node feature V ∈ R4.

UV-GATWe replace the NeuroNURBS embedding with UV-grids embedding in node

features of NURBS-GAT, resulting in node feature V ∈ R52. The UV-grids embedding

is obtained by training a surface VAE model, same as in Section 5.4.2, on MFCAD

surface training data.

The evaluation in ablation study is conducted by reporting the per-face accu-

racy in Table 5.4, following the usual process in the machining feature segmentation

task [36, 67]. Observed from the results, utilizing the NeuroNURBS embedding is able

to improve the per-face accuracy from 92.18% to 99.65%, which shows a comparable

result to UV-grid embedding. In Figure 5.6, we visualize the segmentation task and its

results: since the per-face accuracy has already achieved 99.65%, the predicted labels

are the same as the ground truth in the qualitative evaluation.

surface token   
planar feature   

NeuroNURBS

NURBS

GAT label

B-Rep Graph

Figure 5.5: NURBS-GAT diagram.
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Triangular passage
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…
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Figure 5.6: Qualitative evaluation of NURBS-GAT in machining feature segmentation
task.

5.5 Implementation Details

Get NURBS parameters. In a B-Rep solid, the surfaces usually exist in the form

of trimmed NURBS surfaces. To convert them into NURBS parameters, i.e., control

points, weights, and knot vectors, we design the following pipeline with functions from

OpenCascade and pythonOCC [124]:

1. Convert the input with form of TopoDS Face into a untrimmed NURBS surface

with function BRepBuilderAPI NurbsConvert(), followed up with Surface()

from BRep Tool.

2. Use SurfaceToBSplineSurface() from geomconvert to convert the NURBS

surface into the from of Geom BSplineSurface.

3. Finally, list the NURBS parameters from the Geom BSplineSurface surface with

Pole(), Weight(u,v), UKnotSequence() and VKnotSequence().

Note that the BRepBuilderAPI NurbsConvert function can be applied to planes, re-

sulting in 4 corner points and U/V knot vectors [0, 0, 1, 1].

NURBS construction from NURBS parameters After removing the padded

values from NURBS parameters in Section 5.3.1, the parameters need to be converted

into certain formats, so that they can be used for defining the Geom BSplineSurface:

Every control point is converted in the form of gp Pnt and the tensor of control points

is presented in the form of TColgp Array2OfPnt, serving as Poles; Weights will be

seperated and stored in the form of TColStd Array2OfReal, serving as Weights; We
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round the values in the reconstructed U(V)-knot vector to 1 decimal and store its

sorted set (a ordered list of unique values) in the form of TColStd Array1OfReal(),

which serves as U(V)Knots; and the number of times each variable repeated is recorded

in TColStd Array1OfInteger, serving as U(V)Mults. The constructed NURBS is then

Geom BSplineSurface(Poles, Weights, UKnots, Vknots, UMults, VMults, UDegree,

VDegree).Surface().

One may concern that our postprocessing brings damage to the surface geometry.

As we already pointed out in Table 5.2, using UV-grids brings real damage to the sur-

face geometry, whereas using natural parameters helps. Besides, our evaluation results

will point it out if the postprocessing brings damage to the geometry. Processing the

NURBS parameters is to make it valid for the PythonOCC API and easier to remove

padding. This does not cause significant geometric damage, which would otherwise

destroy the shape and the evaluation results. In early training we need this for model

validation, otherwise the generated NURBS parameters cannot form a NURBS surface

with PythonOCC, after the model being well-trained, the postprocessing won’t bring

much difference to the predict values.

NURBS approximation from UV-grids In Section 5.4.2, we conduct an exper-

iment to study the distribution of U(V) degree in NURBS construction with NURBS

parameters and UV-grids. The results displayed in Table 5.2. As mentioned in Sec-

tion 5.4.2, to obtain UV-grids the function GeomAPI PointsToBSplineSurface is used.

In the BrepGen pipeline, they constrain the range of resulting U(V) degree to be [3, 8].

In this experiment, we use [0, 8], i.e., removing the minimum limitation, for a fair com-

parison.

5.6 Conclusion

With data representation becoming one of the major challenges for solid learning,

our work directly operates the native representation of B-Rep surfaces, i.e., NURBS

parameters, by proposing NeuroNURBS. Our NeuroNURBS can embed NURBS pa-

rameters into a low-dimension NURBS feature. Using NeuroNURBS has demonstrated

its ability of significantly reducing storage and GPU consumption, while delivering a

comparable performance to state-of-the-art method on both solid generation and seg-

mentation. We also observe that NeuroNURBS can remarkably help with the undu-

lation problem in generated surfaces, which could be caused by using an approximate

representation (such as UV-grids) to represent source surfaces.
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As a first attempt to integrate NURBS parameters into solid learning tasks, there is

still much room for improvement in neural networks, e.g., directly learning on NURBS

parameters without using an autoencoder. For the solid generation task, the edge

geometry in NURBS-Gen is still represented by sampling points in the parametric

domain, and it is also technically possible to replace it with NURBS parameters.
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Figure 5.7: Qualitative evaluation of NURBS-Gen on the ABC dataset.



Chapter 6

Application in Industrial

Development Processes

To demonstrate the industrial value of our work, it is essential to apply our methods in

real-world industrial development processes, such as car design. This chapter focuses

on two specific car components: A-pillars and rims. By evaluating with these com-

ponents, we aim to assess the potential and capacity of our DGM-based approaches

in aiding engineers with developing complex parts. This chapter is correspondingly

aiming to address the research question 5: How can DGMs be beneficial for real-world

industrial design applications?

6.1 DGM-based Generative Engineering Design

In the current industrial development process, while engineers can rely on a limited

range of intelligent design tools, the initial design is often constructed manually based

on the engineer’s professional knowledge and predefined requirements (e.g., geometric

constraints, cost limits, and other functional requirements). The initial design must

be tested through certain simulations, and if the performance of certain functions is

substandard, the engineer must modify the design, which happens in most cases. This

iterative design process continues until the design has passed all simulations and meets

the predefined requirements. This process is demonstrated in Figure 6.1a.

The current industrial development process has several key disadvantages:

• Limited design space exploration: The manual design approach constrains en-
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EngineerRequirements Design Simulation Final Design

qualified

(a) Traditional engineering design

DGM-based
Construction

SimulationRequirements Final Design

qualifiedengineer-supervised

Design

(b) DGM-driven generative engineering design

Figure 6.1: Diagrams about traditional engineering design and DGM-driven generative
engineering design.

gineers to a relatively narrow design space based on their own expertise and

predefined requirements, limiting the potential for innovative or disruptive de-

signs.

• Inefficient and error-prone design process: The heavy reliance on manual design

construction by engineers, based on their own knowledge and experience, can

be time-consuming, inefficient, and prone to human error, leading to suboptimal

designs and longer development timelines.

• Underutilization of historical design knowledge: With the current manual de-

sign process, engineers are largely reliant on their own professional knowledge,

rather than effectively leveraging the wealth of historical designs and accumu-

lated organizational knowledge. This represents a significant missed opportunity,

as the insights and experiences from past design efforts are not being efficiently

captured and reapplied, leading to a wasteful duplication of effort.

This work focuses on enabling DGMs to directly generate engineering designs, with

a certain level of supervision from engineers (e.g., design editing and generation con-

ditioning). This is represented by the yellow area highlighted in Figure 6.1b. Unlike

the traditional manual design construction process, the DGM-based design generation
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is differentiable. This means the output design is numerically connected to the input

parameters, allowing for gradient-based optimization. As demonstrated in the design

editing experiments on BIKED (Section 2.4), introducing a gradient-based optimizer

enables the iterative modification of the target design until it meets specific geomet-

ric requirements. When the simulation is differentiable (some of current simulation

pipeline is already differentiable and modern AI-based simulation predictors are also

differentiable) and the gradient can be calculated, the same optimization pipeline can

be used to optimize the design to meet desired functional targets. Hereby, we come to

a novel pipeline, shown in Figure 6.1b.

The key advantage of this DGM-based approach is that it allows for a more efficient

and automated design exploration process, leveraging the differentiable nature of the

generative model to guide the design towards optimal solutions, with the ability to

incorporate both geometric and functional performance objectives. In this thesis, the

whole pipeline would not be evaluated on real-world simulation, for the following rea-

sons: the differentiable simulation is not available, simulation data differs from design

data and the amount of trainable design data is not sufficient to enable this pipeline.

But for the proof of the concept, we refer to the dragging edition in Section 2.4.

6.2 Automotive A-pillar Design

The current progress of DGM can generate feasible designs. Inspired by these results,

we see the value of applying this method in actual industrial design cases. Therefore,

this section will focus on the introduction of PoDM in the design process of a car

A-pillar, using two-dimensional engineering blueprints as design data.

6.2.1 Background and Motivation

Federal Motor Vehicle Safety Standard known as FMVSS No.201U [171], which is

provided by the National Highway Traffic Safety Administration (NHTSA) and Office

of Vehicle Safety Compliance (OVSC), is the law guiding automobile manufacturers in

designing the car interior as an “energy absorber” in crash. The law FMVSS No.201U

requires that automobiles have to provide impact protection for passengers, which

applies to passenger cars and trucks, buses and multipurpose passenger vehicles with

a gross vehicle weight rating of 4 536 kilograms or less. For the impact test, Free

Motion Headform (FMH) is implemented as the dummy head, which is presented in

the middle of Figure 6.3. The FMH impactor is capable of propelling the FMH at
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Free Motion HeadformA-pillar

C

C

A-pillar

Figure 6.2: A vehicle A-pillar (left), an illusion of the slicing on the A-pillar 3D model and
the free motion headform (middle), a cross-section blueprint for A-pillar design (right). In
the cross-section blueprint for A-pillar design, the given structures are drawn with dark black
lines and the target design parts are drawn with light black lines (e.g., airbag and interior
shell).

a desired impact speed with ensuring the impact angle between the FMH and the

target location. The impact test measures the value of the Head Injury Criterion

(HIC), which is used to measure head injury potential in car crash test. There are

various target locations required by FMVSS No.201U on one automotive product.

According to FMVSS No.201U, the HIC value measured under specific impact speed

(FMH Impact Speed — 24 km/h, Reduced FMH Impact Speed — 19 km/h for vehicles

equipped with dynamically deployed upper interior head protection system) shall not

exceed 1 000.

While developing a new car model, the designed A-pillar (a car component shown

in the left side of Figure 6.2) needs to meet the requirement of FMVSS No.201U, i.e.,

the measured HIC value shall be lower than 1 000. Traditionally, engineer conduct

the construction-simulation loop, explained in Figure 6.1a in Section 6.1. Notably,

the design data of A-pillar comes often in the form of 2D engineering blueprint, i.e.,

cross sections from the 3D model, which will be detailed described in next section.

According to the given geometric constrains, i.e., structural design from exterior parts

that are less relevant to the measured HIC value (shown in the right side of Figure 6.2

with dark black lines), engineers are tasked to design the target parts of the A-pillar

that are the key structure deciding the measured HIC value (shown in the right side

of Figure 6.2 with light black lines) and optimize the design until it satisfies the

HIC-value requirement in a crush simulation based on the expertise of the designers.

However, it is not trial, how to modify the structure so that it performs better in the

HIC value while following the geometric constrains (e.g., the given structures).
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Figure 6.3: One sample of the cross-sectional blueprints of a vehicle A-pillar 3D model.

To this end, we follow the new designed pipeline, DGM-based Generative Engi-

neering Design, as shown in Figure 6.1b. In this proposed pipeline, DGMs is tasked to

generate geometric constrain-satisfied designs while the function requirement is met

via gradient optimization. Here, the DGM-Simulation loop is designed to be differen-

tiable, so that the gradient can be calculated and used to guide the DGM to synthesize

designs that perform better in the target function. However, it has not yet been fully

addressed how to use DGM to generate designs that follow the geometric constrains.

We aim to tackle this in this section.

6.2.2 Cross-Section Blueprints

According to FMVSS No.201U [171], the HIC is measured for each target locations.

These target locations stand for various automotive interior structures. The cross-

sectional images, shown in Figure 4.1, are slices, produced by cutting the structure

and Free Motion Headform (FMH) together with 11 various planes. These planes all go

through the center of the FMH, and the slices are named after the cutting directions,

which are Horizontal Sagittal 1, Horizontal Up 1, Horizontal Up 2, Horizontal Up

3, Vertical Sagittal 1, Vertical Left 1, Vertical Left 2, Vertical Left 3, Vertical Right

1, Vertical Right 2, Vertical Right 3. In the cross-sectional images, one sample is

produced by slicing one target location of specific car model, and always contains 11

images, Figure 6.3 shows one sample as instance. In the example the curved shape is

the sliced part of FMH, while the rest part is the cross-section of the target automotive

interior structure. There exist 12 876 blueprints from 3D A-pillars models. We first
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convert these blueprints into grayscale pixel-based images with a resolution of 256 ×
256.

6.2.3 Generation of Cross-Section Designs with GANs

In this work, we first test GANs, dominant the DGM field before diffusion models,

as a baseline framework on generating real-world industrial designs. Here, we select

Adversarial Latent Autoencoder (ALAE) [126] for its ability of mapping between latent

space and image space. We enhance the model robustness and develop an improved

version by introducing modern techniques, e.g., spectral normalization (SN) [106],

ResNet [55], etc. We further implement the self-attention mechanism [186, 174] to

enable the generation of structural patterns. The content of this section has been

published in the paper [165].

Improved ALAE The vanilla ALAE faces a major issue in its training for the

following reasons. First, the ALAE implements the adversarial training strategy in

image space, which exposes it to the same training instability commonly encountered

by GANs [19, 140, 48]. We implement the following techniques to improve the model

robustness and propose a novel version of the ALAE called ALAEimproved. Firstly,

to ensure that generator G receives effective gradients for the optimization, we need

to prevent the computed gradients from vanishing or exploding. For this purpose, we

apply Spectral Normalization (SN) [106] in encoder E and discriminator D. Spectral

Normalization is a powerful method that constrains the Lipschitz continuity of the

functions optimized by E and D through layer-wise control of the spectral norm,

thereby constraining the scale of the gradients. Spectral Normalization replaces every

given weight matrix W by Wsn with the formula:

Wsn =
W

σ(W )
, (6.1)

where σ(W ) is the greatest singular value of W . Moreover, to stabilize the adversar-

ial training, we implement batch normalization in generator G, allowing for a larger

range of learning rates and learning the data distribution more efficiently. Lastly, to

address the degradation caused by increasing the depth of the neural network, we

modify generator G and encoder E of ALAE to become Residual Networks (ResNet).

ResNet features in the so-called residual blocks of convolutional operators contain a

“skip connection” that can bypass the error information in back-propagation, hence

alleviating the vanishing gradient problem in deeper architectures.
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Figure 6.4: SA-ALAE in directed graphs. ALAE and SA-ALAE share an identical training
strategy. The sampling procedure of SA-ALAE utilizes the off-the-shelf mapper M to sample
additional noisy latent variables ωnoise, hereby introducing randomness in the sampling.

Self-Attention Adversarial Latent Autoencoder (SA-ALAE) Convolution-

based DGMs generate high-quality real-world images. However, DGMs have difficulty

in modeling structural objects in engineering design images. The main cause is possi-

bly that the objects in structural images can be sparsely located but are still strongly

geometrically connected, e.g., in bicycle design, both wheels should be connected by

an axle and lie on the ground. In this simple example, the pixels describing each wheel

depend on one another but are far away in the image. However, as a local operator on

images, the convolution mechanism cannot capture long-range dependencies, suggest-

ing that using convolutional layers alone is unsuitable for generating engineering design

images. Self-Attention Generative Adversarial Network (SAGAN) [197] leverages the

self-attention mechanism to gain a global understanding of the input features, which

enables the model to capture and model long-range dependencies efficiently. Following

the success of SAGAN, we introduce the same mechanism respectively into generator

G and encoder E in the ALAEimproved framework and propose a new model, Self-

Attention Adversarial Latent Autoencoder (SA-ALAE) [165].

To achieve the stochastic generation of a novel image from a source image in the

vanilla ALAE, the latent variables ω encoded from the original design are perturbed

with sampled noise η ∼ N (0, I). We note that this approach compromises the quality

of the encoded latent variables, which generates blurry images. To avoid this, SA-

ALAE leverages the trained map M to sample random latent variables as a noisy
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(a) Source blueprints (A-pillar)

(b) Blueprints reconstructed by SA-ALAE

(c) Blueprints randomly generated by SA-ALAE

Figure 6.5: Examples of source blueprints of A-pillar and blueprints generated by SA-
ALAE.

perturbation. The novel sampling procedure of SA-ALAE is displayed in Figure 6.4b.

Adding randomly sampled latent variables as an independent noise protects the quality

of perturbed latent variables so that the stochastic encoder-decoder inference does not

harm the quality of the generated image. The calculation of the latent variables, used

to explore the variants of existing designs, is based on the following formula:

ω = (1− µ)E(x) + µM(z), (6.2)

where µ ∈ [0, 1] is a tunable parameter, x refers to an original design and z ∼ N (0, I)

is sampled noise.

Results of SA-ALAE We evaluate the SA-ALAE in both image reconstruction

and random generation on the A-pillar dataset. As shown in Figure 6.5, SA-ALAE

generates high-quality blueprints corresponding to the input designs and containing

recognizable structural details. In addition to the reconstruction function, we evalu-

ate the ability of SA-ALAE in randomly generating A-pillar designs, which yields a
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sufficient diversity of novel designs with detailed structures displayed in Figure 6.5.

While the results of SA-ALAE is compelling, training of SA-ALAE is still challenging

due to the instability of the adversarial training. To bypass this, in next section, we

will focus on using diffusion models instead to generate A-pillar designs.

6.2.4 A-pillar Blueprint Autocompletion

As we describe in Section 6.2.1, the engineers responsible for the design of the interior

parts of the A-pillar initially receive a predefined structure (i.e., the given parts) and

then complete the design by constructing the remaining structural parts (i.e., the

target parts), such as the airbag and interior shell, which we drew using light black

lines in the right side in Figure 6.2.

(a) A-pillar exterior structures (the given parts)

(b) DGM-completed A-pillar designs

(c) Comparison between engineer- and DGM-completed A-pillar designs

Figure 6.6: Example of automatic blueprint completion. In (c), we have overlaid the engi-
neer’s completed design with the DGM’s completed design to show that our DGM performs
a conditional generative design process, the results of which follow the given geometric con-
straints well but is clearly different from the blueprint designed by engineers.

The introduction of inpainting technique (i.e., RePaint [97]) with PoDM (developed

in Chapter 2) on bicycle designs has shown compelling results in Figure 2.14b. Consid-
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ering that the completion of 2D A-pillar cross-section blueprints is a similar scenario,

we test the PoDM-driven inpainting in designing A-pillar cross-section blueprints in

this section. We train a PoDM on the cross-section images using the configurations

defined in Section 2.3.1. During model training, we use FDD (developed in Chap-

ter 3) to select the best-performing model. Afterwards, we implement the inpainting

pipeline (explained in Section 2.4) on the given structure of exterior A-pillar design,

shown in Figure 6.6a. The DGM-completed design structures are displayed in Fig-

ure 6.6b, while we also show the engineer-design A-pillar blueprints in Figure 6.6c.

This shows that our PoDM does not just copy the designs of engineers, but explores

new solutions for a given structure — a sign of good generative engineering design,

the results of which are still feasible and usable and has been approved by engineers

in expert reviews.

6.3 Vehicle Rim Design

The design of car rims is a crucial aspect of the overall vehicle design process, as it not

only contributes to the aesthetic appeal of the car but also plays a significant role in

its aerodynamic performance. The rim design data in the car industry is closely tied

to the mesh form, for its compatibility with aerodynamic simulations.

The shape and design of the car’s rims have a significant impact on the overall

aerodynamic performance of the vehicle. The rim’s design can affect the airflow around

the wheels, which in turn can influence the car’s fuel efficiency, stability, and handling

characteristics [146].

Designers and engineers in the car industry use Computational Fluid Dynamics

(CFD) simulations to analyze the airflow patterns around the rims and the rest of

the vehicle. By analyzing the mesh data form of the rims, they can identify areas

of high pressure, turbulence, and drag, and then refine the design to optimize the

aerodynamic performance. We show a basic pressure measurement example from [13]

that demonstrates how the geometric design of the wheel rim affects the pressure

distribution in the car.

To this end, we claim that DGM-based engineering can accelerate the rim design

process and has great potential, but there is a major challenge: DGMs used for 3D

shapes recently have focused on point clouds, generating results that are neither rec-

ognizable to engineers nor usable for simulation. We tried latent Wasserstein GAN

(LWGAN) [131] and point-voxel diffusion (PVD) [201], details can be found in Sec-

tion 1.4, and demonstrate the generated results in Figure 6.7. As the example shows,
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the resulting point clouds are of poor quality and do not show the clear structures that

engineers can construct after. In addition, we have consulted with engineers, and they

suggest that even the source point clouds (Figure 6.8c) cannot represent the design in

the simulation and give accurate results.

(a) Rims generated with LWGAN [131] (b) Rims generated with PVD [201]

Figure 6.7: Rims generated by state-of-the-art point-based DGMs.

6.3.1 Rim Design Data

For the study in this section, we have 497 samples of BMW rims, which are designed

in real engineering processes with multiple objectives, e.g., outstanding aerodynamic

performance, low cost and excellent appearance. This dataset consists of 497 high-

quality 3D models of rims, providing a representative example of industrial 3D surfaces

that demand precision and efficiency. Source data is the in the form of STEP files, as

we display in Figure 6.8a, where the design relevant part is only the front part of the

whole rim. Thus, we trim the source rim data, so that the design can be represented

with a much reduced model size, as shown in Figure 6.8b which are in the form of

mesh. In developing DGM-based models for rim design, we also convert the rims to the

form of point cloud (see Figure 6.8c), so that we can test state-of-the-art point-based

generative models.

6.3.2 Design Inspiration

In this section, we implement the method (SpoDify) we developed in Chapter 4 for

design inspiration of industrial rims. Note that, the advantage of our method is not

only the compelling generation of realistic mesh shapes, but also the efficiency in

reducing the dimension of source data (a rim mesh can have 15k vertices, and using

SpoDify can reduce each rim mesh to 64 values) and saving computational power.

In Figure 6.9b, we display the generated rims and the source rims for visual qualitative
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(a) Source rims without trim-
ming

(b) Source rims after trim-
ming

(c) Source trimmed rims rep-
resented in point clouds

Figure 6.8: Examples of BMW rims in various form, i.e., B-Rep, mesh, and point cloud.

comparison. In Figure 6.10, we additionally display the generated rims and their

closest samples from source data to show that our method is able to generate novel

shapes.

Here, the generated rims maintain structural integrity and meaningful design el-

ements, showcasing that the model is able to synthesize good quality rim designs by

training on source data. Additionally, we observe many novel rim designs that do

not come from the source dataset, which can help exploration in the design process.

In conclusion, this capacity to interpolate and generate novel shapes inspired by the

original dataset is a promising indicator of the model’s robustness and utility.

(a) Source rims (b) Rims generated by SpoDify

Figure 6.9: Comparison of generated rim data: (a) source data, (b) rims generated by our
approach.
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Figure 6.10: Generated rims (left) and their top 3 nearest meshes (right) from the source
data. Determining the nearest mesh leverages Chamfer distance as the metric.

The idea behind applying spectral decomposition, as previously motivated, is to

represent an object as a combination of basic shapes in the spectral space. These

basic shapes act as the primary features that capture and assemble the structure of the

dataset, grouping and describing it in terms of these key characteristics. In Figure 6.11,

we visualize the right eigenvector V T matrix. This is achieved by taking an eigenvector,

applying the inverse discrete wavelet transform (IDWT), and then using marching

cubes to map it back to the mesh domain. Here we highlight the data-dependent

nature of these basic shapes. The rim dataset shows clear and distinct patterns in

the basic shapes, making it easier to interpret the meaning of each eigenvector. This

visualization process provided valuable insights into the underlying structures of the

datasets.

6.4 Conclusion

In practical industrial design processes, designs are more complex and higher-dimensional,

which makes training and reasoning difficult. Our work introduces two scenarios, de-
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Figure 6.11: Visualization of the spectral features. The spectral bases present in the V ⊤

matrix resulted from the SVD.

sign completion and design inspiration, to demonstrate how the Design Guidance

Model (DGM) can assist engineers in developing complex practical designs within a

carefully designed framework. First, completing a preliminary design based on given

geometric requirements is a common task that requires some knowledge of the tar-

get design component and can be quite time-consuming. In situations where a large

amount of historical design data is available, our work in this section demonstrates

how DGM can facilitate the design process in a reliable manner. Secondly, generating

designs that do not exist for design inspiration is a very valuable function for design

teams. We apply our SpoDify developed in Chapter 4 to the wheel rim and obtained

compelling designs that are not existing in real wheel rim data.



Chapter 7

Conclusion and Outlook

This thesis aims to bridge the gap between modern deep generative models and gen-

erative engineering design. This chapter summarizes all the content of the preceding

chapters, responds to the main research questions raised in Chapter 1, and points out

limitations and future directions.

7.1 Research Question Revisited

Chapter 1: In the introduction, this paper provides an overview for this study,

including industrial design processes, generative engineering design, and the latest ad-

vances in deep generative modeling, and explains the motivation for using deep gen-

erative models to achieve generative engineering design. The main research question

addressed in this paper is:

How to enable deep generative models to synthesize engineering designs?

To answer this question, we have broken it down into several sub-questions, which

are discussed separately in different chapters. More precisely, this paper addresses the

main question by tackling a series of challenges, namely data representation, model

architecture, model training/sampling, and evaluation. A secondary objective is to

apply the newly developed methods to industrial design processes and demonstrate

their applicability.

Chapter 2: Although recent diffusion models have achieved impressive results on

general images, their generated engineering blueprints are structurally unrecognizable,
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i.e., poor plausibility. We assume that this can be caused by their prioritizing strategy

for better visual quality. Herein, the challenge is:

How to prioritize plausibility in generation with deep generative models?

We observe that there is a range of noise levels associated with structure formation.

Therefore, we design a new noise scheduling scheme for the diffusion model for training

and sampling to focus on this selected noise level range. Our evaluation results show

that this helps improve the rationality of the generated results. This proposed noise

scheduling method is called plausibility-oriented diffusion model (PoDM).

Chapter 3: In the previous chapter, we discover the issue of poor plausibility in

the generated designs, which are evaluated manually. This raise the following research

question:

How to automatically evaluate the plausibility of designs generated by

deep generative models?

Leveraging the advantage of denoising autoencoders in focusing on capturing un-

derlying structures during training, we propose Fréchet Denoised Distance (FDD) as

a new evaluation metric, which shows reliable performance in aligning with human

judge on plausibility.

Chapter 4: High dependence on training autoencoders to enable deep generative

models on high-dimensional data leads to significant computational costs and imperfect

decoding results. Thus, the research question is:

How to use deep generative models to generate high-dimension designs

more efficiently?

Several learning-free decomposition algorithms can achieve the same encoding-

decoding function with adjustable information loss, such as singular value decomposi-

tion (SVD). Inspired by this, we design an SVD-based generation framework, SpoDify,

which achieves performance comparable to state-of-the-art methods without training

an autoencoder.

Chapter 5: Given that CAD is the most widely used data format in engineering

design processes, enabling DGM for generative engineering design must address the
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following research question:

How to enable deep generative models to directly synthesize CAD-native

representation?

Existing work has directly generated B-Rep data (native CAD representation), but

this progress relies on learning on structured point clouds sampled from geometries.

Here, we address this limitation by proposing NeuroNURBS, a method that decom-

poses NURBS-based geometries into latent features that can be used for downstream

tasks. This method demonstrates significant efficiency advantages in terms of storage,

computation and speed.

Chapter 6: Industrial design encompasses many complex structures and knowledge.

When using generative models to simulate engineer construction, our major concern

is:

How can DGMs be beneficial for real-world industrial design applications?

Here, we use the car A-pillars and rims as examples to demonstrate how the meth-

ods we developed (SA-ALAE, PoDM, and SpoDify) can assist engineers in designing

complex structures at certain stages of the design process. Through the attempts

in Chapter 6, our research provides insights into the application of DGMs to real-

world engineering design processes, thereby answering the core research question of

this thesis.

7.2 Limitations and Future Work

While DGMs develop in a swift speed, applying the technologies for generative en-

gineering design still faces several challenges. We list the limitations and future di-

rections below, for more specific discussions, we refer to the conclusion sections of

corresponding chapters.

Available dataset. Currently, despite the publication of numerous engineering de-

sign datasets, e.g., 2D design images (BIKED [137], Seeing3DChairs [7], etc.), sequen-

tial construction operations in sequence (DeepCAD [182], Fusion 360 Gallery [180],

etc.), 3D B-Reps (ABC [76], DeepCAD in B-Rep [187], etc.), the existing open-source

datasets for generative design are insufficient. More specifically, in industrial design
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scenarios, design datasets often exhibit more complex structures (e.g., B-Rep with over

3 000 NURBS surfaces) but less in diversity. In this context, the challenge of achieving

DGM shifts from generating diverse simple designs to effectively learning the complex

data distribution of a single target. We note that the most advanced DGM currently

used for B-Rep generation has been evaluated as having excellent performance, but

the entities it generates have been deemed to be unreasonable designs. Here, we ask

whether this problem is caused by poor DGM performance or excessive diversity in the

training data set. Additionally, when we are developing the NeuroNURBS framework,

these datasets cannot provide sufficient high-degree NURBS surfaces to challenge the

model. Therefore, the potential of NeuroNURBS is underestimated. Considering that

during the historical design phase, a significant amount of designs were created in a

verifiable digital format, the release of new datasets containing these historical designs

may be helpful in further advancing this field.

Generating feasible designs. Our work on PoDM is just a small step towards

understanding the structure generated by DGM. We refer to the performance of gen-

erating reasonable designs as “plausibility”. However, in actual industrial design sce-

narios, engineering design needs to present feasible, manufacturable structures. In

order for a design to be feasible and manufacturable, it must meet a large number

of critical requirements, such as ease of assembly, sufficient strength, compliance with

safety standards, etc. Currently, research in this field still struggles to explain why

and how DGM generates realistic samples. To address this, we believe that the future

direction is to iteratively generate designs, evaluate feasibility and design performance

at each step, and feed the evaluation results back into the next iteration. On this, we

have presented our insights in Section 2.4.

Conditional design generation. This thesis evaluates proposed models often un-

der unconditional generation, as we aim to improve the generation efficiency and to

enable the generation of special design representations for research purposes. However,

in real-world industrial design processes, conditional design generation is required.

Recent studies [88, 92] have achieved the generation of desired designs under specific

condition (e.g., text descriptions, sketches, or mesh inputs), but industrial users prefer

more intuitive inputs (e.g., dragging), which we have demonstrated in Section 2.4 but

only for 2D images. To address this limitation, we believe that the future direction is

to enable more intuitive input and evaluate the accuracy of the editing.
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Design representation. This work begins with two-dimensional blueprints and

delved into three-dimensional meshes and B-Reps, fully exploring the representational

possibilities of design. However, to use DGM in real-world design cases, the current

representation types are far from sufficient. More specifically, representing B-Reps with

hierarchical structures leads to unnecessary large data volumes and poses challenges

for the reversal process. Although recent work has achieved promising results [187],

this framework suffers from high inefficiency during generation and poor performance

when generating complex structures with thousands of surfaces. To address this issue,

we believe that developing new representation methods or new concept of how B-Reps

are formed, such as introducing interactions and combination functions between solids

to form B-Rep volumes, may be helpful.

7.3 The Future of DGMs in Generative Engineering

Design.

The limitations mentioned previously expose a significant gap but also reveal the

enormous potential for growth in the field of DGM-based generative design. Our work

is completed during a period when generative models began to shine, with researchers

in the field continuously surpassing previous methods. It may take only a short time

for the future directions discussed in this section to be surpassed, but we will still offer

our insights.

Firstly, due to the development of large language models (LLMs), current LLMs

can operate on a high diversity of data by treating it as “language”, such as code,

tabular data, and even images, referred to as large multimodal models (LMMs). In

fact, in historical industrial design processes, there is a rich repository of design data

in various forms, e.g., code (JT and STEP files), engineering construction operations

in sequence (from CADPART files), blueprint images (DWG files), or tabular data,

which can be understood by LMMs according to recent research [185, 42, 9]. However,

this concept remains in its early stages.

At the same time, there is great potential for research into using DGMs to directly

learn from design data, such as B-Reps, as this enables a differentiable modeling pro-

cess, which is useful for further applications such as numerical simulation. We have

already provided this concept in Section 2.4. Most of the work in this thesis has been

done in this direction, but it seems that there is still a long way to go. To enable more

effective modeling of design data like B-Reps, DGMs need to access the natural pro-



114 Chapter 7 Conclusion and Outlook

cesses of construction, including but not limited to sketching, extruding, chamfering,

drilling, and interaction. We believe that these construction operations are based on

engineering expertise, and it is essential for DGMs to learn this knowledge in addition

to structural information. It should be noted that representing these operations in text

form does not necessarily enable the DGM to understand the construction knowledge

and structural dependencies. DGMs also need to consider the changes these opera-

tions make to the structure and be penalized when constructing any infeasible entities.

However, how to achieve this and how to represent it remains an open question.

Moreover, the current main trend in generative modeling applications is to deepen

models exponentially. This trend has led to the emergence of giant, even mega models.

Designers have observed that simply increasing the size of the model can effectively

force it to learn hidden information better. However, we hope this does not become

the future direction of research, as recent DGM frameworks have not yet been fully

developed. Researchers in this field should strive forward to bring more advancements

to DGM frameworks to address remaining challenges, such as low-sample learning,

out-of-distribution learning or machine reasoning.

Finally, incorporating industrial applications into consideration is an inevitable

future direction for DGM research. In our work, we have observed that the develop-

ment of DGMs for industrial purposes has not garnered much attention in the DGM

community, while most recent work has focused on more general data representations

such as point clouds, meshes, and implicit representations like neural radiative fields

(NeRFs). This focus has led to DGM research often attracting widespread attention

but struggling to find corresponding application cases in the real world. Meanwhile,

generating engineering designs is a valuable application scenario where DGMs can

make significant contributions. By bridging the gap between theoretical advance-

ments and practical applications, we can unlock the full potential of DGMs, paving

the way for innovative solutions that enhance efficiency and creativity in industrial

applications.
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William T Freeman, and Taesung Park. One-step diffusion with distribution
matching distillation. In CVPR, 2024.

[192] Fisher Yu, Ari Seff, Yinda Zhang, Shuran Song, Thomas Funkhouser, and Jianx-
iong Xiao. Lsun: Construction of a large-scale image dataset using deep learning
with humans in the loop. arXiv preprint arXiv:1506.03365, 2015.

[193] Qian Yu, Feng Liu, Yi-Zhe Song, Tao Xiang, Timothy M. Hospedales, and
Chen Change Loy. Sketch me that shoe. 2016 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), pages 799–807, 2016.

[194] Xiaohui Zeng, Arash Vahdat, Francis Williams, Zan Gojcic, Or Litany, Sanja
Fidler, and Karsten Kreis. Lion: Latent point diffusion models for 3d shape
generation. In Advances in Neural Information Processing Systems (NeurIPS),
2022.

[195] Biao Zhang, Jiapeng Tang, Matthias Niessner, and Peter Wonka.
3dshape2vecset: A 3d shape representation for neural fields and generative dif-
fusion models. ACM Transactions on Graphics (TOG), 42(4):1–16, 2023.

[196] Biao Zhang, Jiapeng Tang, Matthias Niessner, and Peter Wonka.
3dshape2vecset: A 3d shape representation for neural fields and generative dif-
fusion models. ACM Transactions on Graphics (TOG), 42(4):1–16, 2023.

[197] Han Zhang, Ian Goodfellow, Dimitris Metaxas, and Augustus Odena. Self-
attention generative adversarial networks. In International conference on ma-
chine learning, pages 7354–7363. PMLR, 2019.

[198] Richard Zhang, Phillip Isola, Alexei A. Efros, Eli Shechtman, and Oliver Wang.
The unreasonable effectiveness of deep features as a perceptual metric. In 2018
IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2018,
Salt Lake City, UT, USA, June 18-22, 2018, pages 586–595. Computer Vision
Foundation / IEEE Computer Society, 2018.

[199] Zheyan Zhang, Yongxing Wang, Peter K Jimack, and He Wang. Meshingnet: A
new mesh generation method based on deep learning. In International conference
on computational science, pages 186–198. Springer, 2020.

[200] Junsheng Zhou, Weiqi Zhang, Baorui Ma, Kanle Shi, Yu-Shen Liu, and Zhizhong
Han. Udiff: Generating conditional unsigned distance fields with optimal wavelet
diffusion. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2024.

[201] Linqi Zhou, Yilun Du, and Jiajun Wu. 3d shape generation and completion
through point-voxel diffusion. In Proceedings of the IEEE/CVF international
conference on computer vision, pages 5826–5835, 2021.



xviii Bibliography

[202] Wang Zhou. Image quality assessment: from error measurement to structural
similarity. IEEE transactions on image processing, 13:600–613, 2004.



xix



xx Bibliography



List of Abbreviations

ALAE Adversarial Latent Autoencoder

B-Rep Boundary Representation

CAD Computer-Aided Design

CAE Computational-Aided Engineering

CD Chamfer Distance

DAE Denoising Autoencoder

DDIM Denoising Diffusion Implicit Mode

DDPM Denoising Diffusion Probabilistic Model

DGM Deep Generative Model

DPS Design Plausibility Score
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Summary

In this thesis, we have systematically studied deep generative models to better generate

engineering designs in terms of plausibility, efficiency, reliability and dimensionality

for industrial purposes. We discuss the background of this paper, the development

and evolution of DGMs, and the latest advances in the application of DGMs in en-

gineering design in Chapter 1. In Chapter 2, our research on noise scheduling of

diffusion models highlights the importance of the focusing range of noise levels during

both training and sampling in improving the plausibility of generated designs. We

propose a data analysis method that is able to help with determining the focusing

range for a given dataset. In developing diffusion models for better plausibility, most

widely-implemented metrics (e.g., FID, KID, LPIPS) do not align well with human

judgments in evaluating the plausibility, which makes it challenging to rank and se-

lect target DGMs. To address this issue, in Chapter 3, we subsequently build a new

evaluation method driven by denoised autoencoder for better assessing the generated

structural information. After successfully studying the performance of DGMs on 2D

structural designs, our work moves on to the 3D design domain. In Chapter 4, we first

delve into the field of mesh generation and we design a SVD-based encoding pipeline,

with which we are able to reduce the source high-dimension shape into low-dimension

spectral features in a learning-free manner. These spectral features are proven to be

trainable with DGMs, hereby enabling DGMs on high-dimension data without train-

ing an autoencoder. In Chapter 5, we move to the field of CAD generation tasks and

tackle the challenge of direct generation of B-Rep solids with surfaces represented in

NURBS. Finally in Chapter 6, we bring insights of the application of our developed

methods in real-world industrial design cases.

This thesis presents our pioneering attempts at bridging the gap between modern

DGM research and industrial applications. While our work addresses the performance

of DGMs in terms of efficiency and reliability in generating engineering designs, our
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proposed methods have also brought great contribution to the general DGM field.

More precisely, our methods are evaluated on open-source datasets widely implemented

in the general DGM field and compared to current state-of-the-art with sufficient

assessments. However, a gap persists for industrial applications, with design data

in industrial cases presenting exponentially more complicated structural information

than general datasets and a much better representation and generation framework are

required. In the following, we identify current limitations, suggest potential ideas to

address the limitations, and consider future research directions of DGMs, particularly

in industrial generative design field.



Samenvatting

In dit proefschrift hebben we diepgaande generatieve modellen systematisch bestudeerd

om technische ontwerpen beter te kunnen genereren in termen van plausibiliteit, ef-

ficiëntie, betrouwbaarheid en dimensionaliteit voor industriële doeleinden. We be-

spreken de achtergrond van dit artikel, de ontwikkeling en evolutie van DGM’s en

de laatste ontwikkelingen in de toepassing van DGM’s in technisch ontwerp in Chap-

ter 1. In Chapter 2 benadrukt ons onderzoek naar ruisplanning van diffusiemodellen

het belang van het focusbereik van ruisniveaus tijdens zowel training als bemonstering

voor het verbeteren van de plausibiliteit van gegenereerde ontwerpen. We stellen een

methode voor gegevensanalyse voor die kan helpen bij het bepalen van het focusbereik

voor een bepaalde dataset. Bij de ontwikkeling van diffusiemodellen voor een betere

plausibiliteit sluiten de meest gebruikte meetcriteria (bijv. FID, KID, LPIPS, enz.)

niet goed aan bij het menselijk oordeel bij de beoordeling van de plausibiliteit, wat

het moeilijk maakt om doel-DGM’s te rangschikken en te selecteren. Om dit pro-

bleem aan te pakken, hebben we in Chapter 3 vervolgens een nieuwe evaluatiemeth-

ode ontwikkeld op basis van een denoised autoencoder voor een betere beoordeling

van de gegenereerde structurele informatie. Na succesvol onderzoek naar de prestaties

van DGM’s op 2D-structuurontwerpen, gaan we verder met het 3D-ontwerpdomein.

In Chapter 4 verdiepen we ons eerst in het genereren van mesh en ontwerpen we een op

SVD gebaseerde coderingspijplijn, waarmee we de bronvorm met hoge dimensies op een

leerloze manier kunnen reduceren tot spectrale kenmerken met lage dimensies. Deze

spectrale kenmerken blijken trainbaar te zijn met DGM’s, waardoor DGM’s kunnen

worden toegepast op hoogdimensionale gegevens zonder een auto-encoder te trainen.

In Chapter 5 gaan we over naar het gebied van CAD-generatietaken en pakken we de

uitdaging aan van het direct genereren van B-Rep-solids met oppervlakken die worden

weergegeven in NURBS. Ten slotte geven we in Chapter 6 inzicht in de toepassing van

onze ontwikkelde methoden in praktijkvoorbeelden van industrieel ontwerp.
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Dit proefschrift presenteert onze baanbrekende pogingen om de kloof tussen mo-

dern DGM-onderzoek en industriële toepassingen te overbruggen. Hoewel ons werk

zich richt op de prestaties van DGM’s in termen van efficiëntie en betrouwbaarheid bij

het genereren van technische ontwerpen, hebben onze voorgestelde methoden ook een

grote bijdrage geleverd aan het algemene DGM-veld. Meer precies worden onze meth-

oden geëvalueerd op open-source datasets die op grote schaal worden gëımplementeerd

in het algemene DGM-veld en vergeleken met de huidige state-of-the-art met voldoende

beoordelingen. Er blijft echter een kloof bestaan voor industriële toepassingen, waarbij

ontwerpgegevens in industriële gevallen exponentieel complexere structurele informatie

bevatten dan algemene datasets en een veel beter representatie- en generatieframe-

work vereist is. Hieronder identificeren we de huidige beperkingen, suggereren we

mogelijke ideeën om deze beperkingen aan te pakken en bekijken we toekomstige on-

derzoeksrichtingen voor DGM’s, met name op het gebied van generatief ontwerp in de

industrie.
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