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Abstract

In recent decades, making electronic devices smaller has become essential to technological
progress. While semiconductor advancements have facilitated the shrinking of electronic
circuits, integrating large sensors and actuators has posed challenges, resulting in larger
products and increased manufacturing time and cost.

The emergence of Micro Electro Mechanical Systems (MEMS) technology has offered
a transformative solution. By combining electronic and mechanical structures on a
microscale, MEMS devices enable greater efficiency and miniaturisation, revolutionising
the most varied industries, such as the smartphone and healthcare industries. Despite the
progress that has been made, the design process for MEMS devices remains intricate and
time-consuming, often lacking optimal outcomes. Artificial intelligence can be a strong
ally in this area, as it can quickly generate diverse designs that may ultimately surpass
those crafted by humans in terms of efficiency and performance.

In this thesis, in collaboration with the Micro- and Nanosystems (MNS) Research
Division from KU Leuven University, we present a novel approach to the MEMS design
process using conditional deep generative models. We trained these models on datasets of
MEMS devices’ designs, with a focus on generating new designs that meet specific design
constraints and are conditioned on the desired input frequencies. This approach speeds
up the design process, encouraging exploration of different design paths that traditional
techniques might overlook, potentially leading to more efficient and innovative designs.

Furthermore, we have developed an evaluation methodology crucial in objectively and
reliably assessing the models’ performance. It ensures that the designs generated by these
models not only meet the MEMS design constraints but also have the desired frequencies.
Our results demonstrate the effectiveness of generative models in producing valid MEMS
designs, highlighting the potential of artificial intelligence in enabling significant advances
in the field of microelectronics.

Keywords: MEMS Design, Generative Models, Deep Learning, Constraints
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Resumo

Nas últimas décadas, miniaturizar dispositivos eletrónicos tornou-se essencial para o
progresso tecnológico. Embora os avanços na área dos semicondutores tenham reduzido
o tamanho dos circuitos elétricos, a integração de sensores e atuadores tem apresentado
desafios, resultando em produtos maiores e no aumento do tempo e custo de fabricação.

O surgimento de sistemas microeletromecânicos (MEMS) ofereceu uma solução ino-
vadora. Ao combinar estruturas eletrónicas e mecânicas numa escala microscópica, os
dispositivos MEMS permitem maior eficiência e miniaturização, revolucionando diversas
indústrias, como a dos smartphones e da saúde. Apesar do progresso alcançado, o design
de dispositivos MEMS permanece um processo complicado e demorado, muitas vezes não
levando a resultados ótimos. A inteligência artificial pode ser uma forte aliada nesta área,
uma vez que consegue gerar rapidamente diversos designs que podem, eventualmente,
superar os criados por humanos em termos de eficiência e desempenho.

Nesta tese, em colaboração com a Divisão de Investigação de Micro e Nanossistemas
(MNS) da Universidade KU Leuven, apresentamos uma nova abordagem ao processo de
design para dispositivos MEMS utilizando modelos generativos condicionais. Treinamos
estes modelos em conjuntos de designs de dispositivos MEMS, focando-se na geração
de novos designs que respeitem determinadas restrições e estejam condicionados com
as frequências de input desejadas. Esta abordagem acelera o processo de design, incenti-
vando a exploração de diferentes caminhos que técnicas tradicionais poderiam ignorar,
conduzindo a designs mais eficientes e inovadores.

Desenvolvemos também uma metodologia de avaliação, crucial para avaliar de forma
objetiva e fiável o desempenho dos modelos. Esta metodologia garante que os designs
gerados porestes modelos não só cumprem as restrições de design dos MEMS,mas também
têm as frequências desejadas. Os nossos resultados demonstram a eficácia dos modelos
generativos em gerarem designs válidos para dispositivos MEMS, destacando o potencial
da inteligência artificial em permitir avanços significativos na área da microelectrónica.

Palavras-chave: Design de Dispositivos MEMS, Modelos Generativos, Aprendizagem
Profunda, Restrições
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Introduction

1.1 Context and Motivation

Over the past decades, the evolution of electronic devices has seen a remarkable trend
toward miniaturisation. While advancements in semiconductor technology have made
it possible to create smaller electronic circuits, the use of large sensors and actuators has
delayed this progress, resulting in larger products and increased manufacturing time and
cost.

Figure 1.1: Example of MEMS designs.

Fortunately, the development of MEMS technology has enabled the production of
smaller, more easily mass-produced components by combining electronic and mechanical
structures, including micrometre-sized sensors and actuators. Figure 1.1 illustrates two
different MEMS designs. This has resulted in greater product efficiency and miniaturi-
sation, revolutionising a wide range of industries. MEMS devices, such as microphones
and accelerometers for smartphones, as well as blood pressure sensors for healthcare, are
now widely used across a broad spectrum of fields in our daily lives.

In the current landscape, the design of MEMS devices involves intricate and time-
consuming methodologies that sometimes don’t lead to optimal outcomes. Artificial
intelligence can be a strong ally in this area, as it can generate diverse designs that
we believe may ultimately surpass those crafted by humans in terms of efficiency and
performance. AI’s capacity to explore vast design spaces and iteratively refine solutions
holds the potential to revolutionise the MEMS design process, eventually leading to more
innovative and optimised outcomes.
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1.2 Thesis Scope and Objective

This thesis is in collaboration with the micro and nanosystems division of KU Leuven
University. It involves developing a conditional generative model to create new MEMS
designs based on a desired frequency. The goal is to quickly generate new MEMS designs
that adhere to the design constraints and have the desired frequency. The primary novelty
of this thesis lies in the use of generative models, which enable us to create unique design
paths that traditional techniques may not produce. This approach saves time in the
creation process and allows the exploration of different design paths.

Six students are involved in this project: two MSc students from NOVA University
(me and Luís Tripa) and four students from KU Leuven (three MSc students and one PhD
student). The allocation of responsibilities among the students is illustrated in Figure 1.2.
My specific role focused on developing and improving the generative model, ensuring that
it generated functional MEMS designs with the desired frequencies. However, the success
of my part was closely tied to the work of my peers, as I relied on their contributions to
obtain a diverse dataset and effective evaluation techniques. Additionally, the impact of
my work extended to my colleagues, particularly those involved in model optimisation,
as they would directly use the designs generated by my improved model. The project’s
overall success depended on our collaborative teamwork, in which each team member’s
progress and enhancements significantly influenced the outcomes of others.

Figure 1.2: Project responsibilities between the two partner universities.

1.3 Challenges and Research Hypothesis

Although the potential impact of this thesis in the MEMS field is enormous, as it aims
to significantly reduce the time required for designing MEMS with good performance,
numerous challenges must be overcome to achieve these goals. These challenges include:
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• Finding which architectures and techniques are the most adequate to generate
images of such a specific and structured domain.

• Discovering how to effectively condition the models to create designs with a partic-
ular property.

• Finding ways to enforce the generation of designs that follow the MEMS device
designs’ constraints.

• Discovering ways to evaluate designs. It is very difficult to assess designs solely
through visual inspection since visually distinct designs might perform similarly,
while designs with significant performance differences can look alike. This makes
it challenging to accurately evaluate a model’s results based solely on visual in-
spection. We need to find more objective and reliable ways to evaluate the models’
performance.

We propose to address these challenges by taking advantage of deep-learning gener-
ative models such as GANs (Goodfellow et al. [18]) and their variants. This model type
has already demonstrated successful applications in numerous fields and quantities of
data, including MEMS devices [41]. GANs are known to generate high-fidelity synthetic
data that closely resembles real data. Once trained, they can produce data at a rapid pace,
making GANs a suitable model for our project’s objective.

This way, we hypothesise that, together with a diverse and sufficiently large MEMS
dataset and a strong evaluation methodology, we can use these models as the basis of this
thesis in order to create diverse and efficient MEMS designs while complying with device
design constraints.

1.4 Contributions and Achievements

As a result of the work conducted in this thesis, we would like to emphasize the following
contributions:

• Novel dataset of MEMS designs, the KU Leuven dataset: This dataset was iter-
atively created throughout this thesis in order to train our generative models. It
contains a diverse and balanced set of MEMS designs and their respective frequen-
cies.

• A thorough study on CGANs aspects for MEMS generation: We developed a set
of generative models that generate MEMS designs following their design constraints
and are conditioned on a specific property. In ourcase, we conditioned the generation
of designs on a specific frequency mode, the flexural mode (Mode 4).

• Novel Evaluation Methodology: We developed a novel evaluation methodology
to assess the models’ performance more objectively and reliably. This methodology

3



CHAPTER 1. INTRODUCTION

is composed of a set of metrics that evaluate the models’ performance in terms of
the number of valid generated designs, i.e. that adhere to the design constraints,
conditional relative error, diversity and quality.

• Abstract submission under review for IEEE MEMS 2025: "Generative and Gener-
alizable Optimization Framework For MEMS Devices Through Active Learning", with
authors: Catarina Bento, Luís Tripa, David Semedo and Chen Wang (Available in
Annex II).

1.5 Document Organisation

The remainder of this document is organised by the following chapters:

Chapter 2 - Background and Related Work: Presents an overview of MEMS technology
and an analysis of architectures and techniques used by existing literature.

Chapter 3 - MEMS Datasets: Discusses the datasets used in this project and the image
pre-processing performed on them.

Chapter4 - ConditionalDeep Generative Models forMEMS Devices Design: Describes
the approach taken to develop the generative models, including the architectures and
techniques used.

Chapter 5 - Evaluation: Presents the evaluation metrics used to assess the models’
performance, the results obtained, and their analysis.

Chapter 6 - Conclusions: Defines the final conclusions of this thesis and outlines future
work.
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Background and Related Work

In the following chapter, we go through previous research works to gain insights into
how these approaches can be beneficial when addressing challenges that resemble the
ones presented in the context of our work. Firstly, we introduce the concept of MEMS
devices and their properties. In the following sections, we present GANs and some of their
variants, discussing some related problems and proposing solutions to those issues. After
that, a MEMS-related generative model is explained in detail, including a presentation
of results. Finally, we introduce Diffusion Models and their applications in the materials
field, followed by a small discussion about some properties of synthetic images, namely
the presence of artifacts and the influence that the training dataset has on the model’s
results.

2.1 MEMS

Micro Electro Mechanical Systems (MEMS) are machines at the micrometre scale composed
of mechanical and electronic components. Although some people would consider MEMS
to be electronic circuits in a broader and simpler definition, there is a characteristic that
electronic circuits do not share with MEMS. While electronic circuits exhibit a solid
and condensed design, MEMS incorporate features such as holes, cavities, channels,
membranes, and more, emulating ’mechanical’ components in some aspects [6].

The significant advantage of these devices is the miniaturisation. Miniaturisation
reduces cost by decreasing material consumption and allowing batch fabrication. However,
an important side benefit is also in the increase of applicability. Reducing their mass and
size allows placing MEMS in places where a traditional system wouldn’t have been able
to fit [6]. Therefore, these devices are used in many fields, such as telecommunications,
consumer electronics, transportation, building automation, and healthcare [1].

2.1.1 MEMS Resonators

There are a lot of different types of MEMS devices that are used in a variety of areas.
However, in this project, we’ll focus on a specific kind of MEMS, which are the resonators.
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This type of MEMS devices is used for a large number of applications. These include
sensing functionalities, where alterations in a resonant element are utilised to observe
specific parameters, timing functionalities, where resonant elements are employed within
electronic systems to produce precise and high-quality clock signals, or filtering func-
tionalities, where resonant structures serve as integral components for filters used in
radio-frequency wireless transceivers [1].

2.1.1.1 Properties

The MEMS resonators investigated in this thesis are composed of a ring and an anchor,
which is the centre of the circle formed by the ring. These devices must have a path
between the anchor and the ring, and this path has to be symmetric in the four quarters
of the circle, as illustrated in Figure 2.1.

These devices can be represented computationally as an NxN binary matrix, where
0 represents a void element, and 1 represents a solid element, as demonstrated in Figure
2.1.

Figure 2.1: Illustration of a MEMS resonator. [20]

The two most important physical properties of a resonator are the resonant frequency
modes and the quality factor, also known as the Q-factor. A resonator has infinite resonant
modes, but in this project, we’ll only focus on four: torsional about X, torsional about
Y, rotational, and flexural modes. For simplification, the modes are given numerical
order, just like the one shown in Figure 2.2. Mode 1 corresponds to the torsional about X
frequency, mode 2 to the torsional about Y frequency, mode 3 to the rotational frequency
and mode 4 to the flexural frequency.

The performance of a resonator depends on a large number of underlying resonant
characteristics of the device, for example, its quality factor [23]. Therefore, in numerous
applications, a key objective in the structural design of resonators is to minimise energy
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Figure 2.2: Illustration of the four frequency modes. [20]

dissipation in a selected mode, consequently augmenting the Q-factor. This improvement
in the Q-factor is essential for enhancing the device’s sensitivity, resolution, and overall
accuracy. Identifying optimal geometric structures is critical in achieving the desired
resonant frequency mode while ensuring a high Q-factor [20].

For the devices to function correctly, certain design constraints must be met. These
include:

• Having a ring and an anchor

• Having a continuous path between the anchor and the ring

• Not having "circuit islands" where pixels are part of the circuit but not connected to
the path or the ring

• The critical dimension of the design, i.e. the minimum circuit width, must exceed
2.2 micrometres

While we can address the last two constraints by discarding the "circuit islands" and
assuming a minimum pixel width, the first two constraints are essential for the model to
adhere to, as they directly impact the functionality of the designs.

2.2 Generative Adversarial Nets

For our work, we needed a model that generates MEMS designs according to the properties
exposed in the previous section (2.1.1.1). In the remainder of this chapter, I will discuss
several types of suitable models for our project.

Generative Adversarial Nets (GAN) are a type of generative model proposed originally
by Goodfellow et al. [18] that simultaneously trains two models: a generator and a
discriminator.

2.2.1 Generator

The task of the generator is to generate data that captures the dataset distribution. It can
create images [18], videos [46], text [38], or even sound [30]. In our project, its purpose is
to generate images.
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The generator’s input is random noise, typically from a normal distribution. It trans-
forms this noise into an image, which is the model’s output.

2.2.2 Discriminator

The discriminator is a binary classifier. Its job is to distinguish whether the samples are
from the training dataset or from the generator. The images outputted by the generator
are considered fake, i.e. have the label 0, and the images from the dataset are considered
real, i.e. have the label 1. All images are handed to the discriminator to classify each image
as real or fake. Its goal is to be as good as possible in discriminating the images as real or
fake.

2.2.3 Training Procedure

The training procedure of the GAN corresponds to a minimax two-player game with the
following objective function [18]:

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = E𝑥∼𝑝data(𝑥)[log𝐷(𝑥)] + E𝑧∼𝑝z(𝑧)[log(1 − 𝐷(𝐺(𝑧)))]

The objective of the discriminator is to maximise the probability of correctly classifying
real and fake images (log(𝐷(𝑥))), and of the generator is to minimise the probability of
the discriminator predicting that its outputs are fake (log(1 − 𝐷(𝐺(𝑧)))).

Figure 2.3: GAN training procedure. [17]

The two components are always in constant competition. While the generator tries to
create images as similaras possible to the dataset to fool the discriminator, the discriminator
always tries to expose the generator. The two components must converge to have the best
possible GAN, which is often challenging.

We train the two components of the model alternatively. The discriminator is trained
for one or more epochs, the same is done for the generator, and then we return to the
discriminator and so on. While we train one component, the other remains constant,
otherwise, we would be trying to hit a moving target and might never converge [16].
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In the beginning, the generator will create images that don’t have any similarities to
the ones on the training dataset, and the same will happen with the discriminator since
it will not be able to distinguish real and fake images correctly. However, as the training
progresses, both components will start to learn with each other until they eventually
converge, which is the ultimate goal.

The training procedure of the model is illustrated in Figure 2.3. A vector with random
noise will be handed to the generator and transformed into an image. This image will be
given to the discriminator along with the training dataset, and it will try to classify the
image as real or fake. After that, the weights of the Discriminator and the Generator will
be updated one at a time.

2.3 Deep Convolutional Generative Adversarial Nets

In the original GAN formulation introduced by Goodfellow et al. [18], both the gen-
erator and discriminator were composed of fully connected layers. Despite that, GAN
architectures can vary widely, and researchers have explored different neural network
architectures for both the generator and discriminator.

Convolutional layers are commonly used in GAN architectures, especially for image-
related tasks. This type of layer is well-suited for capturing spatial hierarchies and local
patterns in data, making them effective for tasks such as image generation.

Therefore, architectures similar to the one proposed by Radford et al. [36] are a good
fit for our use case. In Deep Convolutional Generative Adversarial Nets (DCGAN), the
discriminator is composed of mostly convolutional layers and the generator of transposed
convolutional layers.

A convolutional layer is designed to identify specific patterns within the input data. It
achieves this by using a set of filters known as kernels. These filters scan the input data
and generate a feature map highlighting the patterns detected by each filter. The critical
aspect of training involves learning the values of these filters so that the network learns to
recognise and extract the relevant patterns from the input data. Figure 2.4 illustrates the
operation performed behind convolutional layers, which is filter multiplication.

Figure 2.4: Schematic illustration of filter multiplication in convolutional layers. [12]

Transposed convolutional layers share the same goal as regular convolutional layers
but focus on upsampling instead of downsampling. In a standard convolution, the kernel
shrinks the input, leading to downsampling. Contrarily, in a transposed convolution,
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the kernel expands or broadcasts the input, resulting in an output larger than the input.
The idea behind transposed convolution is to carry out trainable upsampling. Figure 2.5
illustrates the operation behind transposed convolutional layers.

Figure 2.5: Schematic illustration of the operation performed behind transposed convolu-
tional layers. [12]

Therefore, in a DCGAN, the generator uses transposed convolutional layers to trans-
form the random noise into a larger dimension image according to the trainable parameters
on the kernel, leading to the creation of a new image similar to the ones on the training
dataset. In the discriminator, convolutional layers are used to generate a feature map,
smaller than the input image, that highlights the patterns detected by each filter, allowing
the classification of each image as real or fake.

2.4 Conditional Generative Adversarial Nets

Our project required a model capable of generating images based on specific properties,
such as the frequency modes or the Q-factor. Conditional Generative Adversarial Nets
(CGAN) is a GAN variant, proposed by Mirza et al. [33], that does precisely that. It’s
capable of conditioning the model into generating data according to some property
we initially give it. In a standard GAN, the generator is trained to generate samples
from random noise, and the discriminator is trained to distinguish between real and
generated samples. In a CGAN, the model takes an additional input, typically referred
to as a condition or label, which provides information about the desired properties of the
generated data. The conditional input allows us to guide the generation process towards
specific characteristics or properties we want the generated samples to have.

Its objective function is very similar to the one from the original GAN paper [18].
However, the probabilities are conditioned with the label y [33]:

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = E𝑥∼𝑝data(𝑥)[log𝐷(x|y)] + E𝑧∼𝑝z(𝑧)[log(1 − 𝐷(𝐺(z|y)))]

Figure 2.6 demonstrates precisely how the model is conditioned. Both components
receive the label y. In the case of the generator, the condition is used to guide the generation
process towards it, and in the discriminator, it’s used to assist in the real/fake classification.
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Figure 2.6: Schematic illustration of how the CGAN model is conditioned. [33]

By conditioning the model on relevant information, CGANs enable the creation of data
that conforms to desired properties, making them a powerful tool in generative modelling
and, thereby, beneficial for our project.

2.5 Mode Collapse

Unfortunately, GANs and their variants suffer from a problem called mode collapse. The
generator’s main job is to create diverse and realistic outputs, covering all the training
dataset distribution. However, there’s a risk that the generator becomes too focused on
producing a specific output type, and the discriminator, whose job is to distinguish real
from generated outputs, adapts by consistently rejecting that particular type.

If the discriminator gets stuck in this mindset and fails to learn more broadly, the
generator can easily take advantage of this situation. In each iteration, the generator may
discover another specific output that the current discriminator considers realistic, leading
to a repetitive cycle. The generator then produces a limited set of similar outputs, and the
discriminator cannot escape the trap, resulting in mode collapse [7].

CGANs typically provide higher-quality samples than GANs. Nevertheless, they
require labelled data, which can be expensive and hard to find [5]. Usually, the availability
of annotated data is quite restricted. Still, it’s plausible to consider that even a small amount
of annotated data can be more advantageous than having none. Surprisingly, using labels
in specific scenarios with limited data leads to mode collapse, while unconditional learning
leads to satisfactory generative ability [39].

2.5.1 Techniques to Overcome GAN’s Issues

Over the years, much research has been done to get around these issues. Odena et al. [35]
constructed a variant of GANs called auxiliary classifier GAN (AC-GAN). This variant
employs label conditioning where the generator uses both the class label and the noise to
generate images, and the discriminator gives both a probability distribution over sources,

11



CHAPTER 2. BACKGROUND AND RELATED WORK

i.e. if the images came from the dataset or the generator (real or fake), and a probability
distribution over the class labels. The output of the AC-GAN results in 128 × 128 resolution
image samples exhibiting high quality and more diversity.

Karras et al. [29] proposed a new training methodology forGANs to enable high-output
resolutions. This technique involves starting with low-resolution images and progressively
increasing the resolution by adding layers to both the generatorand discriminatornetworks
in synchrony, as illustrated in Figure 2.7. This step-by-step approach in training enables the
model to initially grasp the main patterns within the image distribution before focusing
on more complex details, which makes the training more stable. Instead of tackling all
scales at once, the model gradually increases resolution, allowing it to address simpler
questions sequentially rather than attempting to learn the entire complexity of the task
from the beginning.

Figure 2.7: Progressive Growing GAN overview. [29]

However, reducing the size of mini-batches to stay within the available memory budget
is necessary to enable high output resolutions, but that worsens results. Therefore, the
authors also suggested increasing variation using mini-batch standard deviation. By
adding a layer towards the later stages of training that forms an additional feature map
using the standard deviation of each feature in each spatial location, they demonstrated
that it improves the images in terms of resolution and variation.

Karras et al. [28] also introduced some techniques to improve the image quality
of StyleGANs. The StyleGAN model was also proposed by Karras et al. [27], and its
distinguishing feature compared with vanilla GAN is that it introduces a style vector that
controls the style of the generated images, allowing for more control over the appearance
of specific features. This style vector is incorporated into the network via normalisation
layers, specifically Adaptive Instance Normalisation (AdaIN) layers. These layers are
responsible for separating and controlling the style and content of the generated images.

However, this StyleGAN model displays some artifacts in generated images, putting
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Karras et al. [28] searching for answers to these defects. The main changes were focused
on the generator architecture, specifically the normalisation and progressive growth.
Regarding normalisation, the paper suggests applying a "demodulation" operation to the
feature maps before normalisation in the AdaIN layers. This operation divides the feature
maps by their spatial standard deviation to scale the normalised features based on their
variance across spatial dimensions. The purpose is to reduce the influence of feature
values, helping to maintain a more stable and controlled normalisation.

To improve the progressive growth, the authors introduced a novel "skip-phase"
training strategy, allowing the generator to skip specific resolutions during training and
progressively addthem later. This modification makes the training more stable andreduces
potential artifacts. These combined adjustments contribute to the overall refinement of
StyleGANs, leading to enhanced generation of high-quality images.

Liu et al. [31] proposed a Self-Conditioned GAN where a class-conditional GAN is
trained without using manually annotated class labels. Instead, the model is conditioned
on labels directly derived from clustering in the discriminator’s feature space. The
algorithm alternates between learning a feature representation for the clustering method
and learning a better generative model that covers all the clusters. This way, we solve
the problem of not having enough labelled data and, simultaneously, mode collapse by
generating data from each cluster.

Casanova et al. [5] partitioned the data into overlapping neighbourhoods described by a
datapoint and its nearest neighbours and introduced a model called instance-conditioned
GAN that learns to model the distribution of the neighbourhood of a datapoint, also
referred to as instance, by giving a representation of the instance as additional input to the
generator and discriminatory and by using the neighbours of the instance as real samples
for the discriminator.

Shahbazi et al. [39] suggested a training strategy for CGANs that gradually transitions
from unconditional to conditional generative learning to prevent mode collapse. In the
initial phase of the proposed approach, the unconditional objective is favoured to enhance
stability. As the process advances, priority shifts towards the conditional objective,
allowing better control over the output by incorporating conditioning factors.

Arjovsky et al. [3] proposed a new GAN variant called Wasserstein Generative Adver-
sarial Networks (WGAN) that uses the Wasserstein distance instead of the Jensen-Shannon
divergence. This change results in more stable training and better convergence, reducing
the risk of mode collapse. In the next section, we’ll explain the WGAN model and its
improvements over the original GAN formulation in more detail.

All of these techniques can improve the quality of the generated images and prevent
mode collapse.
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2.6 Wasserstein Generative Adversarial Nets

WGAN is a GAN variant introduced by Arjovsky et al. [3] designed to enhance the
training stability of GANs, preventing mode collapse. The key innovation in WGANs
is replacing the Jensen-Shannon (JS) divergence, used in the original GAN formulation,
with the Wasserstein distance.

The JS divergence measures the overlap or similarity between two probability distri-
butions rather than their actual distance in the underlying space. Consequently, whether
the real and generated distributions are very close or far apart, the JS divergence may not
distinguish between these cases, leading to unstable training. In contrast, the Wasserstein
distance offers a meaningful metric for measuring the actual distance between the real
and generated distributions, resulting in more stable and reliable training.

The Wasserstein distance is defined as follows:

𝑊(𝑃𝑟 , 𝑃𝑔) = inf
𝛾∈Π(𝑃𝑟 ,𝑃𝑔)

E(𝑥,𝑦)∼𝛾[∥𝑥 − 𝑦∥]

𝑃𝑟 represents the real data distribution, 𝑃𝑔 the generated data distribution, and
Π(𝑃𝑟 , 𝑃𝑔) the set of all joint distributions 𝛾(𝑥, 𝑦) whose marginals are 𝑃𝑟 and 𝑃𝑔 . In-
tuitively, 𝛾(𝑥, 𝑦) represents the amount of "mass" that needs to be transported from x to
y in order to convert the distribution 𝑃𝑟 to the distribution 𝑃𝑔 . The Wasserstein distance
then quantifies the "cost" associated with the optimal transport plan.

If we apply one teorem to the equation above, we can obtain the following:

𝑊(𝑃𝑟 , 𝑃𝑔) = sup
∥ 𝑓 ∥𝐿≤1

E𝑥∼𝑃𝑟 [ 𝑓 (𝑥)] − E𝑥∼𝑃𝑔 [ 𝑓 (𝑥)]

This equation shows that the Wasserstein distance can be expressed as the difference
between the expected values of a function 𝑓 (𝑥) over the real and generated data distri-
butions, similar to how it works in a regular GAN. However, in the case of WGANs,
the function 𝑓 (𝑥) is constrained by a Lipschitz constant of at most 1, meaning that the
function’s slope is bounded by 1. This constraint ensures that the function remains smooth
and doesn’t become too steep, which is crucial for stable and reliable training.

We can also generalize this constraint to be𝐾-Lipschitz for some constant𝐾 by replacing
the 1 in the equation with 𝐾. This results in the expression 𝐾 ·𝑊(𝑃𝑟 , 𝑃𝑔).

Constraining the function 𝑓 (𝑥) to be 𝐾-Lipschitz offers the advantage that the output
of discriminator, also called the critic in WGANs, is a continuous real number, unlike
the binary 0 or 1 outputs in traditional GANs. This real-valued output represents the
critic’s confidence in the authenticity of the input image: higher values indicate a higher
confidence that the image is real, while lower values suggest a higher confidence that
the image is fake. This continuous output facilitates more stable training and improved
gradient flow, leading to better convergence and overall performance.

The WGAN training process involves updating the critic to maximise the Wasserstein
distance between the real and generated data distributions while updating the generator

14



2.6. WASSERSTEIN GENERATIVE ADVERSARIAL NETS

to minimise the critic’s output. The critic’s goal is to separate the two distributions as
much as possible, making it easier to distinguish real from fake images. On the other
hand, the generator aims to bring them closer together, making the fake images closely
resemble the real ones, thus making it difficult for the critic to tell the difference. However,
it’s important to note that in the original WGAN paper [3], the authors proposed training
the critic multiple times per generator update. This strategy ensures that the critic has
enough opportunities to accurately approximate the Wasserstein distance, providing more
reliable feedback for the generator and stabilizing the training process.

Nevertheless, how can we enforce the Lipschitz constraint on the critic? There are two
main approaches to achieve this: weight clipping and gradient penalty. In the following
subsections, we’ll explain both methods in detail.

2.6.1 Weight Clipping

Weight clipping, as proposed by Arjovsky et al. in the original WGAN paper [3], involves
constraining the weights of the critic to a specific range, [−𝐶, 𝐶], where 𝐶 is a hyperpa-
rameter. This constraint ensures that the critic’s weights remain within a bounded range,
preventing them from becoming too large and violating the Lipschitz constraint.

Therefore, the training process entails updating the critic’s weights, clipping them to
the range [−𝐶, 𝐶], and then updating the generator.

While weight clipping is a simple and effective method for enforcing the Lipschitz
constraint, the authors themselves acknowledged in the original WGAN paper [3] that it
is not the best way to achieve this goal. If the clipping parameter 𝐶 is set too high, the
weights may take a long time to reach their limits, making it challenging to train the critic
optimally. On the other hand, if the clipping parameter is too low, it can lead to vanishing
gradients, especially when dealing with deep networks or when batch normalisation is
not applied.

2.6.2 Gradient Penalty

Gradient penalty is an alternative method for enforcing the Lipschitz constraint in WGANs,
proposed by Gulrajani et al. [19]. This approach involves adding a regularization term to
the critic’s loss function, which penalizes the norm of the gradient of the critic’s output.
The gradient penalty specifically encourages the norm of these gradients to remain close
to 1 for randomly selected inputs, thereby imposing a smoothness requirement on the
critic’s function. The new loss function for the critic with the gradient penalty term is
given by:

𝐿 = E𝑥̃∼𝑃𝑔 [𝐷(𝑥̃)] − E𝑥∼𝑃𝑟 [𝐷(𝑥)]︸                             ︷︷                             ︸
Original critic loss

+𝜆E𝑥̂∼𝑃𝑥̂ [∥∇𝑥̂𝐷(𝑥̂)∥2 − 1]2︸                          ︷︷                          ︸
Gradient penalty term
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𝐷(𝑥) represents the critic function, 𝑃𝑥̂ the distribution of 𝑥̂, which are random samples,
and 𝜆 the hyperparameter that controls the strength of the penalty.

This method does not require clipping the critic’s weights and defining a 𝐶 value
beforehand. Instead, the gradient penalty term enforces the Lipschitz constraint by
penalizing the gradients directly, which is said to produce better results compared to
weight clipping.

2.7 Conditional Wasserstein Generative Adversarial Nets

Conditional Wasserstein GAN (CWGAN) is a variant of the Wasserstein GAN designed
to incorporate conditional generation, extending the capabilities of traditional WGAN by
conditioning the model on specific attributes. Similar to CGANs, the CWGAN integrates
auxiliary information, guiding the generation process to produce outputs that satisfy given
conditions. However, instead of using the JS divergence, as seen in CGANs, CWGAN
utilises the Wasserstein distance, which is known for providing more stable training
dynamics and preventing issues such as mode collapse.

The CWGAN offers several advantages over both WGANs and CGANs. By combining
the conditioning mechanism of CGANs with the stability of WGANs, CWGAN not only
generates high-quality samples but also ensures that the samples conform to the desired
conditional attributes. This hybrid approach leads to more reliable performance, especially
in tasks where precise control over generated outputs is critical.

Several applications of the CWGAN have been proposed in recent literature. Fabbri
et al. [15] applied CWGAN to tackle the challenge of generating condition-specific
images, demonstrating its effectiveness in producing high-quality images while adhering
to specific attributes. Zheng et al. [48] applied CWGAN in the context of imbalanced data
classification, where the model was used to generate synthetic samples for the minority
class, effectively improving classification performance. These studies showcase CWGANs’
adaptability across diverse domains, highlighting its potential for various applications.

2.8 MEMS-related Generative Model

The use of deep learning for the generation of circuit designs has been recently investigated,
proving to be a direction with immense potential.

Guo et al. [21] used GANs and some of their variants to create a framework for circuit
synthesis design. A similar idea was then explored by Sui et al. [41] but applied to the
MEMS field. The authors suggested using a conditional DCGAN to generate MEMS
resonator designs based on a physical property. Guo et al. [20] also proposed using a
neural network to quickly and accurately predict the physical properties of numerous
MEMS design candidates without numerical simulation, which is very time- and resource-
consuming. I’ll explain the two MEMS-related papers in detail in the following subsections.
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2.8.1 Deep Learning for Predicting MEMS Design Properties

In the Guo et al. paper [20], the authors used Brownian-like motion to create a trajectory
from the centre anchor to the inner annulus of the resonator, generating a quarter of the
design space. By applying symmetry operations along both axes, they generated full
resonator designs.

However, they needed to obtain a ground truth to these generated designs, so they
performed Finite Element Analyses (FEA) using a software program to calculate the
frequency and Q-factor of each design. With these labels and corresponding images, they
trained a neural network, which they called Predictor, that tries to predict the original
properties defined by the FEA for each image.

The architecture used in this paper was based on the ResNet50 network [22], which
is known for its use of residual learning blocks. These blocks help address the vanishing
gradient problem, making training very deep neural networks easier.

The Predictor identified the frequency andQ-factorof these designs withapproximately
98% and 96%, respectively, saving up to 96% of the total computation time when using
conventional numerical tools.

2.8.2 Proposed CGAN

In the Sui et al. paper [41], they used similar processes to the previous work [20] to create
the training dataset for the CGAN. This dataset has almost 15000 images and five different
labels, which are the Q-factor and the four frequency modes that I presented in the MEMS
properties section (2.1.1.1).

The architecture proposed is demonstrated in Figure 2.8. It comprises four parts: the
Fully Connected Decoder, the Generator, the Discriminator, and the Predictor.

Figure 2.8: CGAN architecture overview. [41]

The model’s input is a random noise vector, like in a standard GAN, plus a property
handed to the Fully Connected Decoder. This property can be a frequency of one of the
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four modes or a Q-factor, for example. The objective of the CGAN is to generate MEMS
resonator designs with that target property given as input.

The Fully Connected Decoder is a multiple-layer perception, i.e. a group of fully con-
nected linear layers, that is responsible for taking that desired property and transforming
it into a higher dimensional vector. This output vector is then concatenated with the
random noise vector to be given to the generator component as input.

The Generator receives that input and mainly through transposed convolutional layers,
generates images that ideally translate the target property. These images are then given
to the Discriminator and the Predictor.

The Discriminator takes a mixture ofdataset images andgenerated images and, through
convolutional layers followed by fully connected layers, classifies each image as real (1),
i.e. came from the training dataset, or fake (0), i.e. was generated by the Generator, just
like in a standard GAN.

The Predictor also receives the images and, through a similar architecture to the
Discriminator, tries to retrieve the desired property from each image. This component’s
role is to attempt to guide the model in creating images that display the target properties
given to it as input. The ultimate goal is for the Predictor’s output to be the same as the
original given properties. This is the only component that is trained separately. The other
components are trained together.

The results given are illustrated in Figure 2.9. The generation accuracy for the four
frequency modes is calculated by |(𝜑𝑐 −𝜑𝑝)|/𝜑𝑐 , where 𝜑𝑐 is the targeted physical property
and 𝜑𝑝 is the corresponding outcome of the generated design calculated by FEA. The red
dashed lines represent the entirely correct matching results in each case.

Figure 2.9: Generation accuracy for the four frequency modes. [41]

As we can observe, most of the generated datapoints are near the red dashed lines,
with a generation accuracy for the four modes of approximately 96%, 95%, 88%, and 94%,
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respectively.

The authors state that the model’s performance is significantly influenced by the
frequency range targeted, as it is reflected from the boundary values in the figures. They
tried eliminating the outliers on the torsional mode along the X-direction, and the accuracy
reached approximately 95%. Similar observations can be found for other vibrational modes.
The rationale behind this improvement lies in the rarity of geometries associated with
such extreme frequencies, leading to a lack of relevant training data during the random
generation processes.

In my opinion, these designs with property values closer to the targeted boundaries
are just as important as the other designs. All the datapoints are essential, and the model
should be able to create all kinds of designs with properties across all the targeted ranges.
The model from this paper shows potential. Nevertheless, there is still much room for
improvement, namely in these boundary designs. A diverse and well-balanced dataset,
along with techniques to address GANs issues, such as those described in Section 2.5.1,
were essential in improving these results.

2.9 Diffusion Models

Diffusion Models are a new class of state-of-the-art generative models capable ofgenerating
diverse high-resolution images. They were initially proposed by Sohl-Dickstein et al. [40]
and then by Ho et al. [25]. Since then, significant attention has been gathered following
the successful training of large-scale models by OpenAI, Nvidia, and Google. GLIDE [4],
DALLE-3 [10], and Imagen 2 [26] are examples of some popular architectures utilising
diffusion models.

While a few years ago GANs were the state-of-the-art models on most image generation
tasks, nowadays diffusion models have proven to be better [11]. As mentioned in a
previous section (2.5), GANs are often difficult to train and prone to producing low-
resolution samples with little diversity. Although GANs present more visual fidelity
and quicker sampling, diffusion models are capable of generating diverse high-resolution
images, typically being easier to scale and train, making them the new state-of-the-art
models in the image generation field.

Diffusion models comprise two processes: forward diffusion and reserve diffusion.
In the forward process, it receives an image and gradually adds Gaussian noise through a
series of steps. Afterwards, in the reverse process, a neural network is trained to recover
the original data by reversing the noising process. By modelling the reverse process, we
can generate a new image. In the following subsections, I’ll explain both processes and
the model’s architecture in more detail.
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2.9.1 Forward Diffusion Process

The forward diffusion process comprises a Markov chain with T steps, meaning each step
only depends on the previous one. At each step, we add Gaussian noise to the output of
the previous step 𝑥𝑡−1, producing a new latent variable 𝑥𝑡 with distribution 𝑞(𝑥𝑡 |𝑥𝑡−1), as
its formulated in the equation below:

𝑞(𝑥𝑡 |𝑥𝑡−1) = 𝒩(𝑥𝑡 ;
√

1 − 𝛽𝑡𝑥𝑡−1 , 𝛽𝑡 𝐼)

This way, we can define the forward process from the input 𝑥0 to the last step 𝑥𝑇 in the
following manner:

𝑞(𝑥1:𝑇 |𝑥0) =
𝑇∏
𝑡=1

𝑞(𝑥𝑡 |𝑥𝑡−1)

During this process, the input image is converted step by step into pure noise. In
Figure 2.10, we can schematically see how the forward diffusion process works.

Figure 2.10: Forward diffusion process. [2]

2.9.2 Reparameterization Trick

However, if our model uses a lot of steps, applying the forward diffusion process that many
times can be very computationally expensive. Hence, instead of applying the forward
process repeatedly to get a desired datapoint 𝑥𝑡 , we can use the reparameterization trick.

This trick consists of sampling noise and precomputing the variances and specific
parameters to obtain a datapoint from any timestep one wishes. The variance parameter
can be fixed to a constant or chosen as a schedule across the timesteps. This schedule can
be linear, quadratic, cosine, etc. Ho et al. [25] used a linear schedule, but Nichol et al. [34]
demonstrated that utilising a cosine schedule works better, as it can be observed in Figure
2.11. While the last quarter of the linear schedule is almost purely noise, with the cosine
schedule, the noise is added more slowly.

2.9.3 Reverse Diffusion Process

The reverse diffusion process trains a neural network to recover the original image by
reversing the noising process applied in the forward pass. We learn how to approximate
𝑞(𝑥𝑡−1|𝑥𝑡)with a neural network 𝑝𝜃. Since 𝑞(𝑥𝑡−1|𝑥𝑡)will also be a Gaussian, we can choose
𝑝𝜃 to be a Gaussian and only parameterize the mean and variance as follows:
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Figure 2.11: Difference between the linear and cosine schedules. (adapted from [34])

𝑝𝜃(x𝑡−1|x𝑡) = 𝒩(x𝑡−1;𝝁𝜃(x𝑡 , 𝑡),𝚺𝜃(x𝑡 , 𝑡))

Applying the reverse process for all timesteps, we obtain the following data distribu-
tion:

𝑝𝜃(x0:𝑇) = 𝑝(x𝑇)
𝑇∏
𝑡=1

𝑝𝜃(x𝑡−1|x𝑡)

During this process, the noise is reverted step by step, and the original image reappears.
In Figure 2.12, we can schematically see how the reverse diffusion process works.

Figure 2.12: Reverse diffusion process. [2]

2.9.4 Architecture

The architecture proposed by Ho et al. [25] is very similar to a U-Net, a symmetrical
architecture with input and output of the same dimensions, just like required for a diffusion
model.

In Figure 2.13, we can see the original U-Net architecture presented by Ronneberger
et al. [37]. It’s composed of two parts: an encoder and a decoder.

The encoder consists of sequences of convolution layers followed by a max-pooling
layer. Pooling layers condense the information from a group of neurons in one layer into a
single neuron in the next layer. Max-pooling involves selecting the maximum value from
a set of values within a specific region, as illustrated in Figure 2.14. This process reduces
the data size, simplifying the representation while retaining the most critical features,
which is the main objective of the encoder.

The decoder does the inverse of the encoder. It consists of sequences of convolution
layers followed by a transposed convolutional layer responsible for the upsampling.

The U-Net is also composed of skip connections between symmetrical stages of the
encoder/decoder, where the encoder’s features are concatenated with the decoder’s
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Figure 2.13: Original U-Net architecture. [37]

Figure 2.14: Schematic illustration of max pooling layers. [12]

features. This gives the model fine-grained details learned in the encoder part to construct
an image in the decoder part.

The architecture proposed by Ho et al. [25] is similar to the original U-Net but is
composed of ResNet blocks, self-attention blocks, and group normalisation, which is a
normalisation layer that divides channels into groups and normalises the features within
each group. ResNet blocks also use skip connections, also known as residual connections,
to enable a direct flow of information from one layer to another. Each block consists of a
set of convolutional layers followed by a shortcut connection that adds the original input
to the output of the convolutional layers, just like illustrated in Figure 2.15. This residual
learning approach allows the model to learn the residual information, making it easier
to train very deep networks by reducing degradation issues and facilitating the flow of
gradients during backpropagation.

Self-attention blocks enable a model to focus on different parts of its input sequence.
Unlike convolutional layers, self-attention allows each element in the input sequence to
attend to all other elements, capturing long-range dependencies [45].

The proposed architecture also specifies the diffusion timesteps by adding a position
embedding into each residual block. This way, the model knows precisely which timestep
we are in and can add and remove noise accordingly.
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Figure 2.15: Schematic illustration of the architecture of a ResNet block. [12]

2.9.5 Applications in the Materials Field

Diffusion models have already been used for several different applications in the materials
field. Herron et al. [24] compared the performance of diffusion models with WGAN in
generating microstructures of photovoltaic cells. The paper authors [24] demonstrated
that diffusion models outperform WGANs in the task of generating microstructures for
organic solar cells, stating that diffusion models are thus far the highest-performing and
a reliable option to generate high-fidelity microstructures since they can cover several
modes of the target distribution.

Yang et al. [47] have presented the first diffusion model formaterials generation that can
scale to train on datasets with millions of materials by developing a novel representation,
UniMat, based on the periodic table, which enables any crystal structure to be effectively
represented. They state that UniMat allows the training of diffusion models, resulting in
better generation quality than previous state-of-the-art learned materials generators.

Düreth et al. [14] used diffusion models to reconstruct real-world microstructure data.
They constructed two datasets: a highly diverse and morphologically complex one and a
smaller one. This way, they not only prove the applicability of diffusion models to small
dataset sizes that a single lab can realistically create but also the ability of these models to
capture diverse and complex features in this field.

Regarding the use of diffusion models with chemical formulas, Dong et al. [13]
presented a deep-learning pipeline for material composition and structure design. This
framework is composed of diffusion language models as the generator of compositions
based on existing chemical formulas, a template-based crystal structure prediction algo-
rithm to predict their corresponding structure and a structure relaxation using a graph
neural network. To validate new structures generated through this pipeline, they used
formation energy calculations. They state that through these calculations, they have iden-
tified six newly discovered material structures and that their diffusion-based composition
generator outperforms previous GAN-based methodologies.
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All of these approaches employ diffusion models in areas requiring following some
geometric properties or physical criteria, similar to MEMS resonators, and have proven to
be effective in producing high-quality images.

2.10 Properties of Synthetic Images

Images generated by deep-learning generative models have some intriguing characteristics
that Corvi et al. [9] discussed in their paper.

Many GAN generators leave clear traces of their processing pipeline in the images.
Similarly, images generated by diffusion models seem to display similar artifacts, suggest-
ing a potentially shared origin or nature. Even the most sophisticated architectures create
artifacts that can be used for detection.

Additionally, it has been observed that when the training dataset is heavily biased,
there is a risk of the model learning and transferring these biases into the generated images.
This poses a potential issue for both the generators and detectors involved in the process.
It has also been noted that these models face challenges in replicating real images’ mid to
high-level characteristics.

These findings hold significant relevance in my thesis, given the necessity for the
precise generation of MEMS designs. Any presence of artifacts in the images makes them
unusable for our purposes. However, our images are binarised, contrary to the ones
leading to these findings, which are natural images.

The challenges highlighted, such as the models struggling to accurately replicate
certain features of original images and the risk of generating biased designs with a strongly
biased dataset, were carefully considered during our project. It’s important to note that
our model’s performance was heavily dependent on the quality of the dataset. The more
diverse and well-balanced the dataset, the better the model learned and, consequently,
the better the generated designs.

Ensuring the design constraints was also a big challenge. None of the models covered
in this chapter guarantees that these constraints are being taken into account, which
requires additional measures to ensure that these constraints are being followed in the
generated designs.

All aspects mentioned were taken into account during the development process of this
project in order to produce the best possible results. Ensuring our model’s capability to
generate diverse designs was crucial, and it required proactive measures to address and
prevent these issues from arising in our work.
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MEMS Datasets

In this chapter, we will discuss the two datasets used in this project. We will begin by
explaining how the datasets were used and evolved throughout the project. Then, we will
present each dataset individually. After that, we will compare the two datasets to highlight
their differences. Finally, we will explain the image processing that was performed on the
datasets and the images that were generated.

3.1 Dataset Usage and Evolution

In this project, we used two different datasets: the Berkeley dataset [41] and the KU Leuven
dataset, developed collaboratively for our project. Both datasets contain MEMS device
designs that adhere to the properties and constraints explained in Section 2.1.1.1.

We initially used the Berkeley dataset, which was provided by the Berkeley University
team and served as a solid starting point for our work. While conducting our initial
experiments with the Berkeley dataset, the KU Leuven team began creating our own
dataset. We created the new dataset to have more detailed designs and to have control
over the simulation. This approach allowed us to ensure the consistency of the designs
and maintain a balanced dataset, a key factor in achieving good results with our models.
Once we had accumulated a sufficient number of designs, we transitioned to using the KU
Leuven dataset instead of the Berkeley dataset, as it was specifically tailored to our project
needs. As stated in section 1.2 of the introduction chapter, this project was a collaboration
between us, NOVA University, and KU Leuven. Therefore, throughout the project, the
dataset underwent ongoing creation, modification, and evolution. Consequently, we
utilised multiple versions of the dataset before obtaining the final version to train our
models and draw our final conclusions.

3.2 Berkeley University Dataset

To kickstart our project, we leveraged the work of Sui et al. [41]. The associated dataset
was generously provided by the Berkeley University team for our team to use as a starting
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point.

Figure 3.1: Examples of designs taken from the Berkeley dataset.

This dataset comprises almost 15000 images, like the ones shown in Figure 3.1, with
a resolution of 100x100. Each image has five different labels: the Q-factor and the four
frequency modes.

As explained in section 2.8, to obtain the ground truth of generated designs, Guo et
al. [20] and Sui et al. [41] used a software program to perform finite element analyses
(FEA). This software can simulate designs and estimate their frequencies and Q-factor.
COMSOL [8] is the FEA tool the KU Leuven team has access to. However, the Berkeley
team used a different program with different parameterization to simulate the designs. To
ensure consistency in the datasets used in this project, we chose to take the designs from
the Berkeley dataset and simulate them using COMSOL. However, we only obtained the
frequency labels, as the Q-factor information was unnecessary for my work.

In Figure 3.2, we analyse the frequency distributions of the four different modes ob-
tained by COMSOL for the Berkeley dataset. The dataset covers mode 1 and 2 frequencies,
ranging approximately from 0.2 to 0.9 MHz, with a predominant cluster of designs con-
centrated between 0.45 to 0.5 MHz. In the case of mode 3, the frequencies span from 0.3
to 1.7 MHz, with the largest amount of datapoints centered around 0.6 MHz. Finally, in
mode 4, the frequencies range from 0.4 to 1.1 MHz, with most designs around 0.55 MHz.

Figure 3.2: Berkeley dataset frequency distributions of the four modes.
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3.3 KU Leuven Dataset

This dataset served as the main dataset used in the project for training the models that led
us to our final conclusions. The designs were obtained using a similar approach to Guo et
al. [20], which involved employing a Brownian-like motion, as explained in section 2.8.1.
The labels were obtained using COMSOL simulation.

Figure 3.3: Examples of designs taken from the KU Leuven dataset.

The dataset contains 8349 high-quality images, like the ones shown in Figure 3.3, with
a resolution of 100x100. Each image has four different labels, which are the four frequency
modes.

Figure 3.4 displays the frequency distributions for the four different modes. For
modes 1 and 2, frequencies range approximately from 0.2 to 1.1 MHz, with the highest
concentration of datapoints between 0.4 and 0.6 MHz. Mode 3 frequencies span from
0.3 to 1.9 MHz, with datapoints almost evenly distributed across this range. In mode 4,
frequencies range from 0.5 to 1.5 MHz, with most designs centered around 0.7 MHz.

Figure 3.4: KU Leuven dataset frequency distributions of the four modes.
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3.4 Dataset Comparison

Although both datasets contain designs that follow the properties described in Section
2.1.1.1 and their respective four frequency modes, they differ in some aspects:

Figure 3.5: Comparison between the designs in the Berkeley and KU Leuven datasets.

• The designs in the KU Leuven dataset are more complex and have more fine-grained
details than those in the Berkeley dataset. As we can observe in Figure 3.5, the
designs in the KU Leuven dataset have more intricate patterns and shapes, while
the designs in the Berkeley dataset are more orthogonal.

• Regarding the frequency distributions of the four modes in both datasets, we can see
in Figure 3.6 that the designs in the KU Leuven dataset are spread more evenly across
the frequency range for each mode, which is essential to obtain models that can cover
all frequencies. On the other hand, the Berkeley dataset has a more concentrated
distribution of designs around a specific frequency range for each mode. We can
also observe in Figure 3.6 that the frequency ranges in both datasets are similar for
the first three modes. In contrast, for Mode 4, the frequency range of the KU Leuven
dataset is larger, reaching almost 1.6MHz, while the Berkeley dataset only goes up
to around 1.2MHz.

• The KU Leuven dataset contains a substantial number of designs, but fewer than
the Berkeley dataset.

3.5 Design Image Processing

Both datasets consist of 100x100 images, each with a single channel containing only zeros
and ones. As explained in Section 2.1.1.1, the designs are symmetrical in both axes. This
means that we only needed to generate a quarter of the design and then replicate it
to obtain the full design. Consequently, we trained our models using 50x50 images to
simplify the learning and generation process.

As a result, the dataset images required some pre-processing before being fed to the
models, as well as some post-processing for the images generated by the models.
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Figure 3.6: Comparison between the frequency distributions in both datasets.

The pre-processing involved transforming the 100x100 images into 50x50, retaining
only the upper left quarter of the designs. We did not normalise the images. Instead, we
directly provided the models with the binarised images as input.

The post-processing involved the reverse transformation, turning the 50x50 generated
designs into 100x100 by replicating the quarters to obtain the full designs. Following this,
we removed the pixels outside the ring and then added the ring and anchor pixels to
ensure the designs had all the pixels from these two fundamental structures. Finally, we
applied a threshold of 0.5 to all the pixels in the designs to ensure they only have values
of 0 or 1.

Additionally, we performed some extra transformations to the generated designs
before calculating certain metrics. Further details can be found in Section 5.3.
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Conditional Deep Generative Models
for MEMS Devices Design

In this chapter, we will discuss the different models we used to tackle our problem of
generating MEMS devices designs conditioned on a specific attribute. We will explain
why we chose each model, describe our approach, and emphasize the key aspects of the
architectures that were crucial for achieving good results.

4.1 GAN

The first type of model we considered for this problem was GANs. There were already
some papers that used GANs for similar problems and achieved good results, such as the
Sui et al. paper [41] described in Section 2.8.2, which we used as a reference for this project.
Despite our intention to condition the generation of designs based on a specific property,
we chose to begin with non-conditional GAN models. This allowed us to address a simpler
problem first in order to understand how the model learns before integrating additional
components.

Figure 4.1: GAN Architecture.

The GAN architecture used is illustrated in Figure 4.1. The Generator receives a
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random noise vector as input and generates designs. These designs are then given to
the Discriminator, along with the real designs from the dataset, so that it can learn to
distinguish between real and fake designs. Both components are then updated based on
the Binary Cross-Entropy (BCE) losses calculated. The closer the BCE loss is to 0, the
better the model is at distinguishing between the real and fake designs.

After training some different configurations of GANs and analysing the results, we
identified some critical aspects of the architecture that were important to achieve good
results. Using these techniques can help prevent mode collapse, a common issue in GAN
training, as elaborated in Section 2.5. By balancing the learning dynamics between the
generator and discriminator, we can stabilise the training process and reduce the risk of
mode collapse. The specific aspects are outlined below:

Batch Size

We found that the most effective approach to the batch size, a critical parameter in the
architecture, differed between the two datasets. For the Berkeley dataset, we found it
advantageous to provide the discriminator with fewer fake examples, as it tended to
learn faster than the generator. Specifically, we used a batch size of fake examples for the
discriminator that was half the size of the real examples and the examples given to the
generator. This adjustment slowed the discriminator’s learning, helping to balance the
training dynamics between the two GAN components.

In contrast, with the KU Leuven dataset, we observed that using the same batch size
for both the generator and discriminator (real and fake) was more effective. The likely
explanation is that this dataset features more complex designs, causing the discriminator
to require more time to learn. Consequently, there was no need to adjust the batch sizes
as we did with the Berkeley dataset.

The results of the experiments on both datasets that led to these conclusions are
detailed in Section 5.4.9.1.

Learning Rate

We used a cosine learning rate scheduler with warm restarts for both the generator and
discriminator. This means that the learning rate gradually decreased following a cosine
curve and then reset periodically. This procedure helped prevent the model from becoming
trapped in local minima and encouraged better exploration of the loss landscape. In our
model, we set the restarts to occur at one-eighth of the total training epochs, providing
regular opportunities for the model to refresh its learning rate and potentially discover new
and improved designs. Additionally, we assigned a higher learning rate for the generator
and a slightly lower one for the discriminator, acknowledging that the discriminator learns
faster than the generator.

In this case, the same approach worked well for both datasets. The results of the
experiments that led to these conclusions are described in Section 5.4.9.2.
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Kernel Size in the Generator’s Conv2d Layers

We discovered that the kernel size in the generator’s Conv2d layers significantly impacted
the model’s performance. However, the optimal kernel size depended on the dataset used.
For the Berkeley dataset, we found that a larger kernel size was most effective, while for
the KU Leuven dataset, a smaller one was more suitable. This difference can be attributed
to the complexity of the designs in each dataset. As explained in Section 3.4, the KU
Leuven dataset contains more detailed and complex designs, requiring a smaller kernel
size to capture the intricate patterns. On the other hand, the Berkeley dataset has simpler
designs with fewer details, making a larger kernel size more appropriate for learning the
general structure of the designs. The results of the experiments on both datasets that led
to these conclusions are detailed in Section 5.4.9.3.

Critical Analysis

While our work with GANs has given us valuable insights, they are non-conditional
models and do not allow us to generate designs based on specific attributes such as
frequency, which was our goal. This has led us to explore conditional GANs (CGANs) as
the next step in our approach, maintaining the techniques mentioned above for this new
model type.

4.2 CGAN

CGANs are conditional models that take an input label into account to generate the output.
A typical CGAN architecture consists of a generator and a discriminator, similar to a GAN,
but each component also receives the label we want to condition on, as described in Section
2.4. However, we have chosen to follow the approach described in the Sui et al. paper [41],
which involves only giving the property to condition to the generator.

Figure 4.2: CGAN Architecture.

In our case, the property we want to condition the model on is the design’s flexural
frequency (Mode 4). We take random values from a normal distribution whose mean
and standard deviation are calculated from the dataset designs’ Mode 4 frequencies (Phi
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C). Each random frequency value is then passed to a neural network called the Fully
Connected Decoder (FCD), which transforms each property into higher dimensions (C),
as explained in Section 2.8.2. The network’s output is then concatenated with the random
noise vector (Z) and passed to the generator to condition the designs. The architecture
illustrated in Figure 4.2 shows the CGAN model I just described. As we can see, the
architecture is similar to a GAN, but with the addition of the FCD and the conditioning
property.

After training and analysing several CGAN models using this approach, we pinpointed
some key architectural aspects that impacted the results:

Hyperbolic Tangent Activation Function in FCD

Using the hyperbolic tangent (Tanh) activation function at the end of the FCD architecture,
as illustrated in Figure 4.3, improved our results in some experiments by ensuring that
the output values were constrained between -1 and 1. While the normal distribution from
which we take the input frequencies isn’t limited to this range, many of its values do fall
within it. By aligning the output range with this narrower span, we achieved a more
balanced concatenation of the random noise vector with the conditioning vector provided
by the FCD. This adjustment allows the generator to process the concatenated vector more
effectively, leading to improved performance in generating conditioned designs.

Figure 4.3: CGAN architecture with the Tanh activation function in the FCD.

Number of Layers in FCD

We discovered that using fewer layers in the FCD architecture, as illustrated in Figure 4.4,
was more effective in some experiments. This approach preserved the core information
of the input label while still transforming it into a higher-dimensional space, enabling the
generator to better produce designs based on the desired attribute.

Critical Analysis

Our work with CGANs has provided valuable insights, but it doesn’t allow us to directly
evaluate whether the generated designs align with the desired frequency. The model

33



CHAPTER 4. CONDITIONAL DEEP GENERATIVE MODELS FOR MEMS
DEVICES DESIGN

Figure 4.4: CGAN architecture with fewer layers in the FCD.

receives frequencies to condition the generation of designs. However, the model doesn’t
have a component that forces the generator to produce designs with the specified frequen-
cies. That is why, as a next step, we attempted to incorporate a Predictor into the model to
guide the learning process.

4.3 CGAN with Predictor

As detailed in Section 2.8.1, a Predictor is a neural network designed to predict the
frequencies of generated designs. In the Sui et al. paper [41], the Predictor is used to
compute a loss function that helps to guide the model towards generating designs with
the desired frequency, as described in Section 2.8.2. We decided to follow their approach
and incorporated a Predictor into our CGAN model to achieve the same goal.

Figure 4.5: CGAN with Predictor architecture.

A member of the KU Leuven team trained a Predictor for each dataset and provided us
with the trained models to use in our experiments. This component receives the generated
designs and predicts their frequencies. The predicted frequencies are then compared
to the desired frequencies to calculate an additional loss, which will also update the
Generator and the FCD. The loss function used was the L1 Loss, also known as Mean
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Absolute Error (MAE), which measures the difference between the predicted and input
values of the frequency mode. The lower the MAE, the better the model supposedly is
at conditioning the generation of designs, i.e. in generating designs that actually have
the specified frequency. However, it’s important to note that the Predictor is not perfect.
Being a neural network, it is prone to errors. The architecture of the CGAN with Predictor
model that I just described is illustrated in Figure 4.5.

After training and evaluating several CGAN models with the Predictor, we identified
certain architectural aspects that notably improved the results:

Freezing the Predictor

We found that freezing the Predictor during CGAN training was beneficial. If the Predictor
had been trained simultaneously with the rest of the CGAN model, it would have likely
learned from incorrect examples, especially during the initial training phase when the
generator was still producing poorly conditioned or potentially invalid designs. This
would have resulted in the Predictor providing inaccurate feedback, which could have
misled the model. By keeping the Predictor fixed, we ensured that it provided feedback
based solely on its prior knowledge from the dataset, which only contained valid designs
with accurate frequencies.

Starting from a Pre-trained GAN Checkpoint

We discovered that starting the CGAN training from a pre-trained GAN checkpoint was
advantageous. This strategy allowed our model to leverage the general design structure it
had already learned from the dataset, enabling it to concentrate more effectively on the
conditioning aspects. By starting with a pre-trained GAN, we gave our model a head start,
which enhanced its overall performance.

Freezing the GAN Checkpoint

We observed that freezing the GAN checkpoint and focusing solely on learning the
conditioned part of the model led to better results. This approach avoided the instability
that can arise from training everything simultaneously. By keeping the GAN checkpoint
fixed, the model could concentrate exclusively on refining the conditioning aspects, which
enhanced its performance.

Critical Analysis

Despite our efforts with the use of these techniques, the architecture remained quite
unstable, as evident in Sections 5.4.3 and 5.4.6. Most models experienced mode collapse,
and even those that didn’t were still inconsistent, with results varying a bit between
training attempts. To address these stability issues, we next explored CWGAN as a
potential solution to stabilise the training process and enhance the model’s reliability.
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4.4 CWGAN with Predictor

A WGAN is a type of GAN that aims to improve training stability. By using the Wasserstein
distance instead of the JS divergence like in regular GANs, the model accounts for the
difference between the real and fake distributions, resulting in more stable and reliable
training, as explained in Section 2.6.

As we can see in the equation below, the Wasserstein distance can be expressed as the
difference between the expected values of a function 𝑓 (𝑥) over the real and generated data
distributions. The function 𝑓 (𝑥) is constrained by a Lipschitz constant, meaning that the
function’s slope is bounded. This constraint ensures that the function remains smooth and
doesn’t become too steep, which is crucial for stable and reliable training. Constraining the
function 𝑓 (𝑥) to be 𝐾-Lipschitz offers the advantage that the output of the discriminator,
also called the critic in WGANs, is a continuous real number, unlike the binary 0 or 1
outputs in traditional GANs. This continuous output facilitates more stable training and
improved gradient flow, leading to better convergence and overall performance. This way,
the model can learn more effectively and possibly avoid mode collapse. That’s why we
tried using this type of GAN to see if it improved our results and helped to stabilise the
training process and prevent mode collapse.

𝑊(𝑃𝑟 , 𝑃𝑔) = sup
∥ 𝑓 ∥𝐿≤1

E𝑥∼𝑃𝑟 [ 𝑓 (𝑥)] − E𝑥∼𝑃𝑔 [ 𝑓 (𝑥)]

For this type of model, we employed two different loss functions: one for the critic and
another for the generator. The critic’s loss is the difference between the average critic score
for fake images and real images. This helps the critic estimate the Wasserstein distance
between the real and generated data distributions. The generator’s loss, on the other hand,
is the negative mean of the critic’s score for fake images, pushing the generator to reduce
the Wasserstein distance between the distributions. In these models, the aim is not to
drive the losses to 0. Instead, the goal is to ensure that the critic’s loss stabilises, which
indicates effective differentiation between real and fake designs, and that the generator’s
loss decreases, reflecting more realistic generated designs.

So, we approached the problem in the same way we did with regular GANs. Initially,
we attempted to train a WGAN model to tackle a simpler problem. Then, we included the
conditional part, transforming it into a CWGAN, and finally, we added the Predictor. The
architecture of the CWGAN with Predictor model is illustrated in Figure 4.6.

Regarding the WGAN experiments, we identified some critical aspects of the architec-
ture that were important to achieve good results, which are outlined below. Regarding the
CWGAN and CWGAN with Predictor experiments, the critical aspects of the architecture
were the same as the CGAN and CGAN with Predictor.
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Figure 4.6: CWGAN with Predictor architecture.

Weight Clipping vs. Gradient Penalty

Weight clipping and gradient penalty are two different techniques used to enforce the
Lipschitz constraint in WGAN models. The weight clipping technique involves clipping
the weights of the critic to a certain range to ensure that the critic remains 𝐾-Lipschitz.
The gradient penalty technique, on the other hand, involves adding a penalty term to
the critic’s loss function that constrains the gradient norm to be close to the Lipschitz
constraint value, like illustrated in the equation below.

𝐿 = E𝑥̃∼𝑃𝑔 [𝐷(𝑥̃)] − E𝑥∼𝑃𝑟 [𝐷(𝑥)]︸                             ︷︷                             ︸
Original critic loss

+𝜆E𝑥̂∼𝑃𝑥̂ [∥∇𝑥̂𝐷(𝑥̂)∥2 − 1]2︸                          ︷︷                          ︸
Gradient penalty term

We observed that the WGAN with gradient penalty gave better results compared to
the original WGAN with weight clipping. The gradient penalty technique eliminates
the need to define a clipping value, which is beneficial since choosing an appropriate
clipping threshold can be challenging and may lead to poor performance if set incorrectly,
as mentioned in Section 2.6.1. Instead, gradient penalty regularizes the model by ensuring
that the gradient norm remains close to the Lipschitz constraint value, offering a more
flexible and adaptive approach. This penalty results in greater stability during training, as
it dynamically adjusts, leading to more reliable convergence and better overall performance
in generating high-quality designs. The results that led to these conclusions are detailed
in Section 5.4.10.1.

Number of Critic Iterations

Arjovsky et al. and Gulrajani et al. [3, 19] emphasize the importance of training the
critic more frequently than the generator. This approach helps the critic more accurately
approximate the Wasserstein distance between the real and generated data distributions
before updating the generator, as discussed in Section 2.6. Bothpapers recommendtraining
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the critic five times for each generator iteration. However, in our case, we observed that
using three critic iterations per generator iteration produced better results. This could
be because our critic trains quicker compared to the generator, making five iterations
excessive in our specific context. The results that led to these conclusions are detailed in
Section 5.4.10.2.
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5

Evaluation

In this chapter, we’ll start by explaining the metrics we used to evaluate the models we
trained. Then, we’ll show the Predictor model’s results and explain the processing we
performed on the designs before calculating some metrics. Finally, we’ll show the results
of the experiments that we conducted to evaluate the models and the conclusions we
reached with them.

5.1 Metrics

In this project, we used several metrics to evaluate the models we trained. We can divide
them into three groups:

Model-based Metrics and Indicators: These metrics evaluate the performance of the
models as a whole. This group has the Frechet Inception Distance (FID) and the
Losses.

Generated Designs’ Metrics: These metrics evaluate the quality of the designs that the
models generate. In this category, we have the Validity, the Conditional Relative
Error, and the COMSOL Simulation.

Diversity Metrics: These metrics evaluate the diversity of the generated designs, both
compared to the training dataset and themselves. This group has the Coverage, the
Balance, and the Batch Diversity.

In the following sections, we’ll explain each metric in more detail.

5.1.1 Model-based Metrics and Indicators

5.1.1.1 Frechet Inception Distance

The FID is a metric used for evaluating the quality of images created by a generative model.
It measures the distance between the feature distributions of real and generated images
extracted using a pre-trained Inception network ([42]). It provides a score indicating
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how similar the two distributions are. FID scores range from 0 to +∞, with lower values
indicating better performance. The lower the score, the better the model is at generating
images that resemble the real ones.

To calculate the FID scores of our models, we used the implementation provided by
the TorchMetrics library. We generated 500 designs using each model and computed the
FID scores by comparing these generated designs to a reference dataset of 1000 designs,
specifically created by the KU Leuven team for this purpose. This reference dataset was
constructed in the same manner as the training dataset. It consists of designs similar to
those in the training dataset that the models did not see during training. This allowed for
an unbiased evaluation of their performance in terms of FID scores.

5.1.1.2 Loss Indicators

The model’s losses are also crucial indicators to consider when evaluating its performance.
Although they are more like indicators than traditional metrics, they provide valuable
insights into how well the model is learning and where it may be falling short. Losses
are calculated continuously during the training process and are then plotted on a graph,
known as a loss curve, to visualize their progress. By observing the trends in these curves,
we can identify important aspects of the model’s performance.

Therefore, losses serve as dynamic indicators of the model’s learning progress and
areas that need improvement, guiding decisions such as adjusting hyperparameters or
modifying the model architecture. While they may not represent final performance
outcomes, they provide continuous feedback throughout training, helping to monitor and
refine the models.

5.1.2 Generated Designs’ Metrics

5.1.2.1 Validity

To be considered valid, a device must meet specific design constraints outlined in Section
2.1.1.1. If one of these constraints is not met, the design is considered invalid. As a result,
we developed an algorithm to verify the validity of each generated design. This algorithm
is capable of identifying which criteria are not being fulfilled.

There are four reasons for a design to be invalid in our algorithm:

• Outside Ring (OR): The design has pixels that are outside the ring.

• No Ring/Anchor (AR): The design doesn’t have all the pixels that compose the ring
and the anchor.

• No Path (P): There is no continuous path between the anchor and the ring.

• Islands (I): There are islands in the design, i.e., there are pixels that are not connected
to the path or the ring.
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Figure 5.1: Examples of generated designs with their respective reasons for invalidity.

The acronyms in parentheses are used to identify which reasons are being broken in
the generated designs, if that’s the case, as shown in Figure 5.1.

The last constraint mentioned in Section 2.1.1.1 is not being taken into account in our
algorithm since we are assuming that each pixel of the designs exceeds 2.2 micrometres.

In Figure 5.2, we can observe examples of designs that illustrate each of the four reasons
for invalidity as defined in our algorithm. For the first design, we notice that there are
pixels located outside the ring, which aligns with the "outside ring" reason. Moving on to
the second design, we can observe that there are missing pixels in the interior border of
the ring, leading to the "no ring/anchor" reason. In the third design, we can see that the
middle section of the design is not connected to the rest of the structure that is linked to
the ring, thereby falling under the "no path" reason. Lastly, in the fourth design, we can
see two isolated groups of pixels that are not connected to the path or the ring, resulting
in the "islands" reason.

Figure 5.2: Examples of designs with each one of the four reasons for invalidity.

Despite each of the designs in the figure having each one of the reasons to be an invalid
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design, each design can have more than one reason to be invalid. In the case of the second
and fourth designs, they only have one reason to be invalid, but the first and third designs
have more than one reason. The first design has the "outside ring" reason, but it also has
the "no path" reason since there is no path connecting the anchor to the ring, and the
"islands" reason too since it has an isolated group of pixels. The third design has the "no
path" reason, but it also has the "islands" reason since the middle section of the design is
isolated from the rest of the structure. Our algorithm is not only implemented to check
the validity of a design but also to identify all the reasons why each design is invalid, if
applicable.

The validity procedure that we develop is based on the flood fill algorithm. We start
at the anchor and put all the pixels that are connected to it in a queue. We pop each pixel
from the queue and check if it’s a black pixel, i.e. part of the design, and if it has not
already been visited before. If not, we add the pixels connected to it to the queue, mark
this pixel as visited and add it to the reachable array. We repeat this process until the
queue is empty. In the end, we have in the reachable array all the pixels that were reached
by the algorithm. This array will be used later to check some reasons for invalidity.

Also, to help us find the invalidity reasons of the designs, we used a mask that contains
all the pixels that can be part of a design and a template of a design with the anchor and
the ring. Figure 5.3 shows the mask and the template used in our algorithm.

Figure 5.3: Design mask and template.

The procedure to check each one of the invalidity reasons is as follows:

• To determine if there are pixels outside the ring, we compare the generated design
with the mask. If there are pixels in the design that are not in the mask, then the
design has the "outside ring" issue.

• To check for missing pixels in the ring and the anchor, we compare the generated
design with the template. If there are pixels in the template that are not in the design,
then the design has the "no ring/anchor" issue.

• To verify if there is a continuous path between the anchor and the ring, we use the
reachable array from the flood fill algorithm. We specifically consider the pixels in
the reachable array that correspond to the area of the ring. If there are no black
pixels in this selected array, it indicates that the ring wasn’t reached, resulting in the
"no path" issue for the design.
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• To identify islands in the design, we also use the reachable array. If the algorithm
doesn’t reach all the pixels in the design, the design is flagged with the "islands"
issue.

If a design passes all of these checks, it’s considered valid. If it fails any of them, it’s
considered invalid.

When evaluating our models, we calculate the validity metric as the percentage of valid
designs in a batch of 500 generated designs. After training each model, we analyse 500
designs and calculate the percentage of valid designs, as well as the percentage of designs
without each one of the reasons for invalidity. Therefore, the higher the percentage of
valid designs, the better the model.

However, it’s important to note that there is a relationship between the "no path" and
"islands" reasons. If a design lacks a path between the anchor and the ring, it will also
have islands in the design. This connection arises from the fact that the flood fill algorithm
may not reach all the pixels in the design, leading to the presence of islands if it doesn’t
reach the ring. Table 5.1 shows the relationship between these two reasons for invalidity.

Don’t have path (0) Have path (1)

Have islands (0) Invalid Design Invalid Design

Don’t have islands (1) Impossible Valid Design

Table 5.1: Relationship between the "no path" and "islands" reasons for invalidity.

Thus, when analysing the validity metric results, it’s crucial to consider the
relationship between the "no path" and "islands" reasons.

5.1.2.2 Conditional Relative Error

When evaluating the conditional aspect of models, one of the metrics used is the
relative error. This is calculated after the models have been trained by generating
500 designs and then computing the Mean Relative Error (MRE) between the
specified frequencies used to condition the design generation, and the frequencies
predicted by the Predictor. The lower the percentage of relative error, the better the
model is at generating designs with the desired frequency. However, it’s important
to keep in mind that the Predictor is also a neural network, and it has errors, as
will be demonstrated in Section 5.2. Therefore, this metric serves as an indicator
and not a perfect measure. It provides a quick way to evaluate if the models are
learning to generate designs that have the desired frequency without having to
simulate the designs with COMSOL, which is a time-consuming process.
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5.1.2.3 COMSOL Simulation

The COMSOL simulation provides a more accurate metric to assess the conditional
aspect of the models. This software is capable of simulating MEMS devices and
providing the real frequencies of the designs. Therefore, this metric serves as the
ground truth for the generated designs’ frequencies. By leveraging its simulation
results, we can evaluate the models’ performance in generating designs with the
desired frequency and assess the Predictor’s accuracy in predicting the frequencies.
These results enable us to calculate various metrics and create graphs to analyse
and compare the performance of different models.

5.1.3 Diversity Metrics

We evaluated our models in terms of diversity in two different ways: by comparing
the generated designs with the training dataset and by comparing the generated
designs with themselves 1.

To calculate the diversity of the generated designs compared to the training
dataset, we used two metrics calculated based on the results of a clustering algo-
rithm (KMeans). The first metric is the coverage, which measures the percentage
of clusters from the training dataset covered by the generated designs, i.e. that
have at least one design. This metric ranges from 0 to 1, with higher values indi-
cating better diversity. The second metric is the balance, which measures how the
designs are distributed among the clusters. It is divided into two parts: the balance
mean and the balance std. The balance mean measures the average number of valid
designs per cluster, while the balance std measures the standard deviation of the
number of valid designs per cluster. One way to evaluate these balance metrics
is to see if the mean is higher than the standard deviation. This indicates that the
designs are well distributed among the clusters.

To assess the diversity of the generated designs compared to themselves, we
used the batch diversity metric. This metric is determined by calculating the
cosine similarity between the designs’ embeddings, which are provided by an
Autoencoder trained explicitly for this purpose, within a batch of 500 designs.
This metric ranges from -1 to 1, where 1 indicates that all the designs in the batch
are identical and -1 indicates that they are all different. The lower the value, the
better the diversity of the designs in the batch.

1Both metrics were implemented by Luís Tripa, my colleague from NOVA University, who was also
working on this project.
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5.2 Predictor’s Results

The Predictor component was trained by a member of the KU Leuven team to
predict the four frequency modes of the designs using the ResNet50 network as a
base, similar to the approach described in the Guo et al. paper [20]. Two different
versions of the model were trained: one with the Berkeley dataset and another
with the KU Leuven dataset. The models were given 50x50 images along with
their respective labels for the four frequency modes.

After training, the models were tested with 20% of the datasets. The test loss
(L1 Loss) was approximately 0.035MHz for the Berkeley model and 0.052 MHz
for the KU Leuven model. The L1 Loss measures the MAE between the predicted
and true values of the frequency modes. In this case, it means that the Predictor
can predict the frequency modes with an average error of 0.035MHz and 0.052
MHz respectively.

Table 5.2 shows the MRE and MAE values of the Berkeley model for each of
the four frequency modes obtained with the test set. Table 5.3 presents the same
results, but for the KU Leuven model.

Mode MRE (%) MAE (MHz)
1 5.80 0.0235
2 5.86 0.0240
3 8.25 0.0649
4 4.36 0.0282

Table 5.2: MRE and MAE values of the Berkeley model for each one of the frequency
modes obtained with the test set.

Mode MRE (%) MAE (MHz)
1 8.44 0.0390
2 8.14 0.0380
3 10.57 0.0953
4 4.73 0.0366

Table 5.3: MRE and MAE values of the KU Leuven model for each one of the frequency
modes obtained with the test set.

In our models, we only used the Mode 4 frequency as the label for the con-
ditioning part. Therefore, we are only interested in the MRE and MAE values
for this mode. As shown in Table 5.2, the MRE and MAE values of the Berkeley
model for Mode 4 are 4.36% and 0.0282 MHz, respectively. The values for the KU
Leuven model are 4.73% and 0.0366 MHz, as displayed in Table 5.3.
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5.3 Image Processing Before Metrics

As detailed in Section 3.5, the models generate 50x50 images, i.e. only one-quarter
of the designs. Therefore, we needed to do some post-processing, which involved
transforming the generated designs to 100x100 by replicating the quarters to
obtain the complete designs, removing the pixels outside the ring using the design
mask displayed in Figure 5.3, adding the ring and anchor pixels using the design
template also shown in Figure 5.3, and applying a threshold of 0.5 to all the pixels
in the designs to ensure they only have values of 0 or 1.

However, before calculating specific metrics, we needed to make some addi-
tional transformations to the designs.

To evaluate validity, we performed the transformations described above, en-
abling our validity algorithm to operate accurately. We removed the pixels outside
the ring and added the ring and anchor pixels to the designs to ensure that the
generated designs followed the two constraints outlined in Section 5.1.2.1, which
we could fix by hand. This allowed us to focus only on the constraints that the
model must have learned, as we couldn’t manually resolve them for the designs
to become valid. We did these transformations before each time we calculated the
validity metric, which was at the end of each epoch and at the end of training.

Before calculating the conditional relative error, we did one transformation
to the generated designs. As mentioned in Section 5.2, the Predictor is based on
the ResNet50 and was trained with 50x50 images. This network expects 224x224
images as input, so we resized the 50x50 generated designs to 224x224 to match
the dimensions the ResNet was expecting. This enabled us to pass the designs to
the Predictor, so it could predict the frequencies of the generated designs, enabling
us to accurately calculate the conditional relative error with those frequencies.

For the FID metric, not only did we do transformations to the generated designs,
but we also had to do transformations to the reference dataset. As mentioned in
Section 5.1.1.1, we used the Inception network to extract the feature distributions
of the real and generated designs to calculate the scores. This network expects
299x299 images with 3 channels as input, so for the reference dataset, we resized
the 100x100 designs to 299x299 and replicated the channels to have 3 channels. For
the generated designs, we applied the same transformations we applied before
calculating the validity metric and then resized them to 299x299.

Before calculating the diversity metrics, we also transformed the generated
designs because we used an Autoencoder to extract the embeddings, as explained
in Section 5.1.3. This model was trained on 100x100 images with 1 channel,
excluding the designs’ ring and anchor. Therefore, we resized the generated
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designs to 100x100, removed the ring and anchor pixels, and selected one of the 3
channels, as they are all the same due to the images being black and white.

5.4 Experiment Results

5.4.1 Experiments Plan

In the following sections, we’ll show the results of the experiments that we
conducted to evaluate the models we’ve trained.

We’ll start by showing the results of the best models that we obtained for
our problem, which were the models that we used to generate the designs for
the COMSOL simulation. With these results and the results from the COMSOL
simulation, we’ll explain the reasons that led us to conclude which model is the
best for our problem.

After that, we’ll show the results of the groups of experiments that we con-
ducted to evaluate which parameters and techniques were the best for each type of
model (CGAN and CWGAN) trained in each dataset (Berkeley and KU Leuven).

Then, we’ll present the configuration and results of the best GAN and WGAN
models that we’ve trained with each dataset. We’ll also show the results of some
experiments that we did with GAN and WGAN models to compare different
configurations and parameters.

Finally, we’ll summarise the conclusions we’ve reached with all the results of
the experiments.

Here is a small index of the following sections:

Best Model for Our Problem: Section 5.4.2

COMSOL Simulation Results: Section 5.4.2.1

CGAN with Predictor Experiments with the Berkeley Dataset: Section 5.4.3

With and Without Predictor: Section 5.4.3.1

Predictor Frozen VS Not Frozen: Section 5.4.3.2

Leveraging a Pre-trained GAN Checkpoint: Section 5.4.3.3

Non-linear Function in FCD: Section 5.4.3.4

Reduced Architecture of the FCD: Section 5.4.3.5

CWGAN with Predictor Experiments with the Berkeley Dataset: Section 5.4.4

With and Without Predictor: Section 5.4.4.1

Predictor Frozen VS Not Frozen: Section 5.4.4.2
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Leveraging a Pre-trained WGAN Checkpoint: Section 5.4.4.3

Non-linear Function in FCD: Section 5.4.4.4

Reduced Architecture of the FCD: Section 5.4.4.5

Overall Conclusions on the Berkeley Dataset Experiments: Section 5.4.5

CGAN with Predictor Experiments with the KU Leuven Dataset: Section 5.4.6

With and Without Predictor: Section 5.4.6.1

Predictor Frozen VS Not Frozen: Section 5.4.6.2

Leveraging a Pre-trained GAN Checkpoint: Section 5.4.6.3

Non-linear Function in FCD: Section 5.4.6.4

Reduced Architecture of the FCD: Section 5.4.6.5

CWGAN with Predictor Experiments with the KU Leuven Dataset: Section 5.4.7

With and Without Predictor: Section 5.4.7.1

Predictor Frozen VS Not Frozen: Section 5.4.7.2

Leveraging a Pre-trained WGAN Checkpoint: Section 5.4.7.3

Non-linear Function in FCD: Section 5.4.7.4

Reduced Architecture of the FCD: Section 5.4.7.5

Overall Conclusions on the KU Leuven Dataset Experiments: Section 5.4.8

GAN Experiments: Section 5.4.9

Batch Size: Section 5.4.9.1

Learning Rate: Section 5.4.9.2

Kernel Size of Generator’s Conv2d Layers: Section 5.4.9.3

WGAN Experiments: Section 5.4.10

Weight Clipping VS Gradient Penalty: Section 5.4.10.1

Number of Critic Iterations: Section 5.4.10.2

Results Conclusions: Section 5.4.11
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5.4.2 Best Model for Our Problem

To assess which model is the best for our problem, we chose two models from
each type (CGAN and CWGAN) that performed the best in terms of validity and
conditional relative error in the experiments that we’ll show in the next sections.
It’s important to note that the selected models were trained on the KU Leuven
dataset, as it is the main dataset of our project, and we want to take the final
conclusions with it.

The chosen CGAN models were the CGAN KU Leuven V8 and CGAN KU
Leuven V9, while the selected CWGAN models were the CWGAN KU Leuven V6
and CWGAN KU Leuven V9.

The CGAN KU Leuven V8 model has the following configuration:

• Predictor: Frozen and receives all the designs generated by the Generator
(valid and invalid)

• Pre-trained GAN checkpoint: Yes, it’s a frozen checkpoint of the best GAN
obtained with the KU Leuven dataset (Section 5.4.9)

• Tanh in FCD: Yes

• Reduced Architecture of the FCD: No

Figure 5.4 shows the plots of the Predictor’s loss and the validity with the
reasons, for the second training done with the model.

Figure 5.4: Predictor’s Loss and Validity plots of the second training done with the CGAN
KU Leuven V8 model.

The configuration of the CGAN KU Leuven V9 model is as follows:

• Predictor: Frozen and receives all the designs generated by the Generator
(valid and invalid)
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• Pre-trained GAN checkpoint: Yes, it’s a frozen checkpoint of the best GAN
obtained with the KU Leuven dataset (Section 5.4.9)

• Tanh in FCD: Yes

• Reduced Architecture of the FCD: Yes

Figure 5.5 shows the plots of the Predictor’s loss and the validity with the
reasons, for the second training done with the model.

Figure 5.5: Predictor’s Loss and Validity plots of the second training done with the CGAN
KU Leuven V9 model.

The CWGAN KU Leuven V6 model has the following configuration:

• Predictor: Frozen and receives all the designs generated by the Generator
(valid and invalid)

• Pre-trained WGAN checkpoint: Yes, it’s a frozen checkpoint of the best
WGAN obtained with the KU Leuven dataset (Section 5.4.10)

• Tanh in FCD: No

• Reduced Architecture of the FCD: No

Figure 5.6 shows the plots of the Predictor’s loss and the validity with the
reasons, for the third training done with the model.

The configuration of the CWGAN KU Leuven V9 model is as follows:

• Predictor: Frozen and receives all the designs generated by the Generator
(valid and invalid)

• Pre-trained WGAN checkpoint: Yes, it’s a frozen checkpoint of the best
WGAN obtained with the KU Leuven dataset (Section 5.4.10)
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Figure 5.6: Predictor’s Loss and Validity plots of the third training done with the CWGAN
KU Leuven V6 model.

• Tanh in FCD: No

• Reduced Architecture of the FCD: Yes

Figure 5.7: Predictor’s Loss and Validity plots of the third training done with the CWGAN
KU Leuven V9 model.

Figure 5.7 shows the plots of the Predictor’s loss and the validity with the
reasons, for the third training done with the model.

It’s important to note that the parameters that are not mentioned in the descrip-
tions are the same as the best GAN/WGAN models obtained with the KU Leuven
dataset (Sections 5.4.9 and 5.4.10).

Discussion

As we can see in all the validity plots, the "outside ring" and "no ring/anchor"
reasons are always at 100% because we fixed these issues in the designs before
calculating the validity metric, like explained in Section 5.3.
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We also can observe that the "no path" reason has always a higher percentage
than the "islands" reason, which is expected due to the relationship between
these two reasons for invalidity, as explained in Section 5.1.2.1. If there is no
path between the anchor and the ring, there will always be islands in the design.
However, if a design has islands, it doesn’t necessary mean that there is no path
between the anchor and the ring. Therefore, the "no path" reason has always a
higher percentage than the "islands" reason, like we can see in the plots.

Another important aspect to notice is that the "islands" reason line is overlap-
ping the validity line in all the plots. If we think about it, it makes sense because
if the "islands" line was above the validity line, it would mean that there are valid
designs that have islands, which is not possible. If it was below the validity line,
it would mean that there are invalid designs that don’t have islands, meaning that
there is other reason for invalidity. The only other reason for invalidity that we
have is the "no path" reason, but if a design has the "no path" reason, it will always
have the "islands" reason too, which makes the option of having the line below the
validity line impossible. Therefore, the "islands" line will always be overlapping
the validity line, as we can see in the plots.

Model
Mean

Validity
(%)

Mean Conditional
Relative Error

(%)

FID
score

Batch
Diversity

Diversity compared
with the training dataset

Coverage Balance
Mean

Balance
Std

CGAN
KU Leuven

V8
60 22.2 186 0.43 0.70 16.65 34.84

CGAN
KU Leuven

V9
71 22.6 163 0.36 0.78 15.04 31.45

CWGAN
KU Leuven

V6
88 6.2 199 0.62 0.30 19.83 45.00

CWGAN
KU Leuven

V9
90 5.5 180 0.28 0.43 20.39 33.64

Table 5.4: Metrics results of the best CGAN and CWGAN models for our problem.

The results of the other metrics for the four best models are shown in Table 5.4.
The table shows that the CWGAN models have better validity and conditional
relative error results than the CGAN models. This fact can also be observed in
the plots of the validity and the Predictor’s loss. The validity line of the CWGAN
models is always higher than the line of the CGAN models, indicating that the
CWGAN models generate more valid designs, and the Predictor’s loss is always
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lower for the CWGAN models, indicating that they learn better to condition the
generation of designs (the difference between the predicted frequencies and the
input frequencies is lower). We can also see that the FID scores for all models
are relatively similar, with the CWGAN KU Leuven V6 model having the highest
score and the CGAN KU Leuven V9 model having the lowest score. This means
that the model that generates designs that are closer to the real designs is the
CGAN KU Leuven V9 model.

Regarding the batch diversity, the CWGAN models have the highest and
lowest values, with the CWGAN KU Leuven V6 model having the highest value
and the CWGAN KU Leuven V9 model having the lowest value. This means that
the CWGAN KU Leuven V6 model generates designs that are less diverse within a
batch of 500 designs, while the CWGAN KU Leuven V9 model generates designs
that are more diverse.

We can also notice that the CWGAN models have a lower coverage than the
CGAN models, which means that the CWGAN models cover fewer clusters from
the training dataset than the CGAN models. Therefore, we can conclude that the
CWGAN models generate less diverse designs compared with the training dataset
than the CGAN models.

Finally, the balance mean and balance std values show that the number of designs
in each cluster is not that balanced in all the models since the balance std is higher
than the balance mean in all of them.

Based on all this results, we can conclude that the best type of model for
our problem is the CWGAN since it gives higher validity percentages and lower
conditional relative errors, which are the two most important metrics to achieve
our goal. Among the CWGAN models, the best model is the CWGAN KU Leuven
V9 since it has the highest validity percentage and the lowest conditional relative
error. It also has the lowest FID score, which means that it generates designs
that are closer to the real designs, the lowest batch diversity, which means that
it generates more diverse designs within a batch of 500 designs, and also the
highest coverage, meaning that it covers more clusters than the other CWGAN
model. However, we cannot say that the CWGAN KU Leuven V9 model is the
best model until we analyse the COMSOL simulation results, which we’ll do in
the next section.

5.4.2.1 COMSOL Simulation Results

In Section 5.1.2.3, we explained that by simulating the designs generated in the
COMSOL software, we can assess how well the models perform in generating
designs with the desired frequency and also evaluate the accuracy of the Predictor
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in predicting the frequencies. Therefore, we used it to simulate the designs
generated by the best CGAN and CWGAN models, obtaining their real frequencies
to draw conclusions about their performance based on the results. After analysing
the results, we have all the tools to finally conclude which model is the best for
our problem.

Figure 5.8: Examples of simulations performed by COMSOL for designs generated by the
best CGAN and CWGAN models.

Figure 5.8 shows some examples of simulations performed by COMSOL for
designs generated by the best CGAN and CWGAN models.

After simulating all designs generated by our best models, the KU Leuven
team provided the simulation results, i.e. the real frequencies of the designs. It’s
important to note we were only interested in the Mode 4 frequency because it was
the only frequency we conditioned the generation of designs with. With these
results, we calculated the MAE and MRE between the input frequencies and the
simulated frequencies by COMSOL, as well as the MAE and MRE between the
predicted frequencies by the Predictor and the simulated frequencies. Tables 5.5
and 5.6 show the results of these calculations.

To evaluate the performance of our models, we must look at Table 5.5. The lower
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Model
Number

of designs
MAE (MHz) MRE (%)

CGAN KU Leuven V8 149 0.169 24.604

CGAN KU Leuven V9 150 0.138 16.761

CWGAN KU Leuven V6 150 0.089 12.228

CWGAN KU Leuven V9 149 0.077 10.365

Table 5.5: MAE and MRE between Input and Simulated Frequencies for the best CGAN
and CWGAN models.

Model
Number

of designs
MAE (MHz) MRE (%)

CGAN KU Leuven V8 149 0.055 8.135

CGAN KU Leuven V9 150 0.056 6.819

CWGAN KU Leuven V6 150 0.068 8.622

CWGAN KU Leuven V9 149 0.061 7.529

Table 5.6: MAE and MRE between Predicted and Simulated Frequencies for the best
CGAN and CWGAN models.

the values of the MAE and MRE between the input and simulated frequencies,
the better the model is at generating designs with the desired frequency. The
values in the table show that the CWGAN models have lower MAE and MRE
values than the CGAN models, which means that the CWGAN models are better
at conditioning the generation of designs. This fact aligns with the results of
the Predictor’s loss and the mean conditional relative error, as mentioned in the
previous section. However, these two metrics are based on the Predictor, a neural
network that can make errors, so they are not perfect measures.

To evaluate the Predictor’s performance, we must look at Table 5.6. The lower
the values of the MAE and MRE between the predicted and simulated frequencies,
the better the Predictor is at predicting the frequencies of the designs. As we
can see by the values in the table, all four models have similar MAE and MRE
values, and all of them are relatively low, which means that the Predictor is good
at predicting the frequencies of the designs and the errors that it makes are not
that significant. Therefore, we can conclude that the CWGAN models are the best
at conditioning the generation of designs.
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Input VS Simulated Frequencies Analyses

To further analyse the results, we created boxplots comparing the input frequencies
with the simulated frequencies (Figure 5.9) and the predicted frequencies with the
simulated frequencies (Figure 5.10) for the four models. The latter boxplot was
created just to analyse the performance of the Predictor in all the four models.

Figure 5.9: Boxplot comparing the input frequencies with the simulated frequencies for
the best CGAN and CWGAN models.

Figure 5.10: Boxplot comparing the predicted frequencies with the simulated frequencies
for the best CGAN and CWGAN models.
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Regarding the difference between the input frequencies and the simulated
frequencies, Figure 5.9 shows that the CWGAN KU Leuven V9 modelhas the lowest
median error and the narrowest spread, indicating more consistent performance
with fewer large deviations between the input and simulated frequencies. However,
it does exhibit a significant number of outliers, suggesting occasional high errors.
The CWGAN KU Leuven V6 model has a higher median error and a wider spread,
as well as numerous outliers. However, it shows a more consistent performance
than the CGAN models, which have the highest median errors and the widest
spreads, indicating poorer performance, especially the CGAN KU Leuven V8
model.

Regarding the difference between the predicted frequencies and the simulated
frequencies, Figure 5.10 shows that in the CWGAN KU Leuven V9 model, the
Predictor had the lowest median error and also a narrow spread. However, it has
a lot of outliers, indicating occasional more significant errors despite a generally
low central tendency. The Predictor had similar median errors in the other three
models, but the CWGAN KU Leuven V6 model had the highest spread, suggesting
higher variability and less reliable predictions.

Input Frequency Distribution Analyses

Other aspect to consider is the frequency distributions of the input frequencies
given to the models and the COMSOL simulated frequencies of the designs
generated by our best four models.

In Figure 5.11 are displayed the frequency distributions of the input frequen-
cies. We can observe that all the distributions are relatively similar, ranging
approximately from 0.2 to 1.2 MHz, except for the CWGAN KU Leuven V9 model,
which has a slightly wider range (from 0.1 to 1.4 MHz). The majority of the input
frequencies are around 0.5 to 1.0 MHz.

When we analyse Figure 5.12, which shows the frequency distributions of
the simulated frequencies, we can see that the distributions are different from
each other and from the input frequencies. The ranges are narrower, being
approximately from 0.3 to 0.9 MHz, except for the CGAN KU Leuven V9 model,
which goes till almost 1.3 MHz. The range within which most of the simulated
frequencies fall varies from model to model, but it aligns with the range within
which the majority of the input frequencies are (0.5 to 1.0 MHz). This suggests that
the models are producing designs with frequencies close to the desired values,
as the majority of the simulated frequencies align with the range of the input
frequencies. This observation is consistent with our previous analyses.
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Figure 5.11: Frequency distributions of the input frequencies given to the best CGAN and
CWGAN models to generate the designs that were then simulated by COMSOL.

Figure 5.12: Frequency distributions of the simulated frequencies by COMSOL of the
designs generated by the best CGAN and CWGAN models.

Designs Analyses

Finally, we analysed the designs with the smallest and largest relative errors
between the input and the simulated frequencies (Figure 5.13) and between the
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predicted and the simulated frequencies (Figure 5.14) for our best four models.

Figure 5.13: Designs with the smallest and largest relative error between the input and
the simulated frequencies for the best CGAN and CWGAN models.

Figure 5.14: Designs with the smallest and largest relative error between the predicted
and the simulated frequencies for the best CGAN and CWGAN models.
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We can observe that some designs with the smallest and largest relative errors
between the input and the simulated frequencies are very similar to those with
the smallest and largest relative errors between the predicted and the simulated
frequencies by model. For example, the three designs from the CWGAN KU
Leuven V9 model with the smallest relative errors between the input and the
simulated frequencies are very similar to two of the designs from the same model
with the smallest relative errors between the predicted and the simulated frequen-
cies. The same happens with the designs with the largest relative errors from the
same model. This suggests that the Predictor is not making significant errors in
predicting the frequencies of the designs, as the designs with the smallest and
largest relative errors between the input and the simulated frequencies are also
the designs with the smallest and largest relative errors between the predicted
and the simulated frequencies.

Overall Discussion

Based on all the analyses we made in this section and in the previous one, we
can conclude that the best type of model for our problem is the CWGAN, as they
generated more valid designs and gave lower conditional relative errors. They also
gave lower MAE and MRE values between the input and the simulated frequencies,
which means that they are better at conditioning the generation of designs. This
fact was also observed in the boxplots comparing the input and the simulated
frequencies.

Among the CWGAN models, the best model is the CWGAN KU Leuven V9,
as it gave the highest validity percentage, the lowest conditional relative error and
the lowest MAE and MRE values between the input and the simulated frequencies.
In the boxplot comparing the input and the simulated frequencies, it also showed
the lowest median error and the narrowest spread, indicating more consistent
performance with fewer large deviations between the input and the simulated
frequencies, despite having some outliers. Therefore, we can conclude that the
CWGAN KU Leuven V9 model is the best model for our problem. Its architecture
is described in detail in Appendix A.

In the following sections, we will present the results of the groups of experi-
ments that we did, which led us to choose the four models we analysed in this
section. We will analyse the results of each group of experiments and decide
which configuration is the best before continuing to the next group of experiments.
These experiments were carried out on both datasets and with both model types,
enabling us to identify the best configuration for each model type trained on each
dataset.
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5.4.3 CGAN with Predictor Experiments on the Berkeley Dataset

5.4.3.1 With or Without Predictor Experiments

In our initial set of experiments, we compared the outcomes of a standard CGAN
(without the Predictor) with a CGAN that includes the Predictor. The aim was
to determine whether the Predictor could assist the model in generating designs
with the desired frequency.

We trained the CGAN with Predictor model in two different ways: by providing
all the generated designs (both valid and invalid) to the Predictor, and by only pro-
viding the valid designs to the Predictor. Ideally, the model should only be trained
using the valid designs, as the invalid designs do not have frequencies. Therefore,
if the Predictor is given invalid designs, it would be predicting frequencies that
do not actually exist. However, we still wanted to explore the effects of providing
all designs to the Predictor, so we trained the model in both ways.

The Predictor that we used in all of these experiments was the one trained by
the KU Leuven team on the Berkeley dataset with the resimulated labels given by
the COMSOL simulation. The results of this Predictor can be seen in Section 5.2.

It’s important to note that during the training of the CGAN models with the
Predictor, we made sure to keep the weights of the Predictor frozen. This means
that the Predictor was not being trained alongside the CGAN. As a result, if the
Predictor was given invalid designs, it would not be updated with the predicted
frequencies.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
without
Predictor

1st 0
0

0 0 16.6
19.7 1.332nd 0 0 0 25.6

3rd 0 0 0 16.8

CGAN
with Predictor

(all generated designs)

1st 0
8

0 0 16.4
14.5 2.412nd 23 100 22.6 4.2

3rd 0 100 0 22.9

CGAN
with Predictor

(only valid designs)

1st 0
0

0 0 nan
nan 7.302nd 0 0 0 nan

3rd 0 100 0 nan

Table 5.7: Results of the CGAN with and without Predictor experiments on the Berkeley
dataset.
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In Table 5.7, we can observe the results of these experiments. Note that V
stands for Validity, MV for Mean Validity, P for No Path, I for Islands, R for Results
of the Conditional Relative Error, and MR for Mean Conditional Relative Error.
These acronyms will be used in the following tables as well.

It is evident that the outcomes of all experiments were unsatisfactory. In terms
of validity, nearly all of them gave 0% valid designs, and the conditional relative
error was also high.

I also noticed by the generated designs of all experiments that all gave mode
collapse. Figure 5.15 displays the designs generated by the CGAN with Predictor
(all generated designs) model (second training). It’s clear that all the designs are
nearly identical, indicating mode collapse.

Figure 5.15: Designs generated by the CGAN with Predictor (all generated designs) model
(second training).

In addition, the experiment using the CGAN with Predictor (only valid designs)
model only produced "nan" relative errors because all the designs were invalid,
resulting in no designs being given to the Predictor. This experiment also required
a lengthy training time of 7.3 hours and did not give any valid designs. This
way, we decided to continue our experiments with the CGAN with Predictor (all
generated designs) model. This model not only delivered the best results in terms
of validity and conditional relative error but also trained in one third of the time
it took to train the CGAN with Predictor (only valid designs) model.
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5.4.3.2 Predictor Frozen VS Not Frozen Experiments

In this set of experiments, we compared the results of the CGAN with the Predictor
when the Predictor’s weights were frozen and when they were not. Although the
correct way would be to freeze the Predictor’s weights, we still wanted to explore
the effects of not freezing them.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
with Predictor

Frozen
(all generated designs)

1st 0

8

0 0 16.4

14.5 2.412nd 23 100 22.6 4.2

3rd 0 100 0 22.9

CGAN
with Predictor

Not Frozen
(all generated designs)

1st 0

0

0 0 16.7

14.5 2.702nd 0 0 0 4.4

3rd 0 0 0 22.3

Table 5.8: Results of the experiments on the Berkeley dataset with the CGAN with the
Predictor Frozen and Not Frozen.

In Table 5.8, we can see the results of these experiments. Both experiments
had unsatisfactory outcomes, with nearly all designs being invalid and showing
high conditional relative errors. I also observed by the generated designs of both
experiments that both gave mode collapse, similar to the previous experiments.

That being said, we found that the best way to train the CGAN with the
Predictor is by freezing the Predictor’s weights. This approach not only gave
the best results in terms of validity but also prevented training the Predictor
incorrectly. As explained in Section 4.3, this was especially important in the early
stages of training, where the generated designs certainly didn’t match the input
frequency, thus providing misleading information to the Predictor. By freezing
the Predictor’s weights, it only learns from the real designs in the dataset it was
previously trained on, rather than from the generated designs.

5.4.3.3 Experiments Leveraging a Pre-trained GAN Checkpoint

In the next set of experiments, we compared the performance of the CGAN with
the Predictor when using a pre-trained GAN checkpoint both as a base and with
the checkpoint frozen, meaning only the conditional part of the model was trained.
The GAN checkpoint used is the one described in Section 5.4.9. It was the GAN
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model trained on the Berkeley dataset that gave the best results. The results of
these experiments are presented in Table 5.9.

In the experiment with the frozen pre-trained GAN checkpoint, although the
percentage of valid designs was lower, the conditional relative error was improved
compared to the model with the unfrozen checkpoint, and the training time was
nearly halved. Both scenarios, however, showed signs of mode collapse in the
generated designs once again. Despite this, the conditional relative error was lower
than in earlier experiments (Tables 5.8 and 5.7), demonstrating that using a pre-
trained GAN checkpoint was beneficial in our case, as discussed in Section 4.3.
By leveraging a GAN checkpoint pre-trained on the Berkeley dataset, the model
was able to focus more on conditioning the designs with the desired frequency,
resulting in a significant reduction of the conditional relative error.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
with Predictor frozen

(all generated designs) and
pre-trained GAN checkpoint

1st 23

8

62.4 23.4 4.2

9.4 2.512nd 1.8 79.4 1.8 2.9

3rd 0 100 0 21.2

CGAN
with Predictor frozen

(all generated designs) and
frozen pre-trained GAN checkpoint

1st 0

1.5

100 0 5.0

6.2 1.352nd 4.6 98 4.6 5.9

3rd 0 97.8 0 7.7

Table 5.9: Results of the experiments on the Berkeley dataset with the CGAN with the
Predictor and a pre-trained GAN checkpoint.

5.4.3.4 Non-linear Function in FCD Experiments

In these experiments, we compared the results of the CGAN with the Predictor
and a pre-trained GAN checkpoint (with both frozen and unfrozen settings) when
using the Tanh activation function in the FCD. The results are summarised in
Table 5.10.

For the first time, we observed that the CGAN model did not suffer from
mode collapse when using a frozen pre-trained GAN checkpoint and the Tanh
activation function in the FCD. Figure 5.16 showcases several generated designs
by this model’s first training. This configuration also achieved the highest validity
across all experiments, with an average validity of 76%. Although the conditional
relative error was high, the model’s ability to avoid mode collapse and consistently
generate a high percentage of valid designs marks a significant improvement.
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Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN with Predictor frozen
(all generated designs),

pre-trained GAN checkpoint
and Tanh in FCD

1st 0

26

100 0 2.7

2.6 2.622nd 79 99.8 79 2.5

3rd 0 100 0 2.5

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint

and Tanh in FCD

1st 84

76

99.4 83.8 15.4

16.9 1.332nd 71 98.4 71 18.1

3rd 72 91.8 71.8 17.2

Table 5.10: Results of the experiments on the Berkeley dataset with the CGAN with the
Predictor, a pre-trained GAN checkpoint and the Tanh activation function in the FCD.

Figure 5.16: Designs generated by the CGAN with Predictor (all generated designs), frozen
pre-trained GAN checkpoint and Tanh in FCD model (first training).

The model with the unfrozen pre-trained GAN checkpoint and the Tanh activa-
tion function in the FCD also performed well during the second training, achieving
79% validity and a conditional relative error of only 2.5%. However, the model
wasn’t consistent across subsequent trainings, giving mode collapse.

Despite this, we can conclude that incorporating the Tanh activation function
in the FCD was beneficial in our case, as mentioned in Section 4.2. It helped
prevent mode collapse in certain trainings and delivered the highest validity results
to date.
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5.4.3.5 Reduced Architecture of FCD Experiments

In the final set of CGAN experiments using the Berkeley dataset, we evaluated
the performance of the CGAN with the Predictor by modifying the architecture
of the FCD. We retained the best model settings from the previous section, with
the only change being a reduction in the FCD architecture from 8 to 6 linear layers.
The results of these experiments are summarised in Table 5.11.

Although the model with the reduced FCD architecture achieved a 2% higher
mean validity compared to the non-reduced architecture, it also exhibited a sig-
nificantly higher mean conditional relative error. Consequently, for the Berkeley
dataset, the model with the non-reduced FCD architecture proved to be the better
option, as it produced the lowest conditional relative error while still maintaining
a high mean validity.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint,

and Tanh in FCD (8 linear layers)

1st 84

76

99.4 83.8 15.4

16.9 1.332nd 71 98.4 71.0 18.1

3rd 72 91.8 71.8 17.2

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint,

Tanh and reduced architecture
of FCD (6 linear layers)

1st 77

78

99.8 76.6 32.5

24 1.30
2nd 85 97.0 85.0 19.4

3rd 71 98.4 71.0 19.1

Table 5.11: Results of the experiments on the Berkeley dataset using the CGAN with the
Predictor, a frozen pre-trained GAN checkpoint, the Tanh activation function, and varying
FCD architectures (reduced and non-reduced).

5.4.4 CWGAN with Predictor Experiments on the Berkeley Dataset

5.4.4.1 With or Without Predictor Experiments

In the first set of CWGAN experiments on the Berkeley dataset, we compared the
performance of a standard CWGAN (without the Predictor) with a CWGAN that
incorporates the Predictor. As in the CGAN experiments, we trained the CWGAN
with the Predictor in two different ways: one by providing all generated designs
(both valid and invalid) to the Predictor, and the other by providing only valid
designs. In both cases, the Predictor’s weights were frozen during training. The
results are presented in Table 5.12.
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All models demonstrated satisfactory outcomes, with high mean validity per-
centages and no mode collapse. However, the mean conditional relative error
remained high across all experiments:

• The model without the Predictor had the highest mean conditional relative
error (28.4%), indicating that the Predictor helps the model better condition
the generated designs on specific frequencies.

• The model with the Predictor (only valid designs) produced strong results
in terms of mean validity (70%). However, it required significantly longer
training time (13.6 hours), more than twice the time of the other two models,
and still exhibited a high mean conditional relative error (24.2%).

• The model with the Predictor (all generated designs), while having the lowest
mean validity (66%), achieved the lowest mean conditional relative error
(19.8%). Given the relatively small difference in validity and the substantially
lower conditional relative error, we chose to proceed with the CWGAN with
the Predictor (all generated designs) model for the next experiments.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
without
Predictor

1st 72
70

91.6 72.2 27.2
28.4 5.262nd 70 86.8 69.6 24.3

3rd 68 86.6 67.6 33.6

CWGAN
with Predictor

(all generated designs)

1st 72
66

90.2 72.2 19.0
19.8 6.702nd 58 83.2 57.6 20.2

3rd 68 83.6 68.4 20.1

CWGAN
with Predictor

(only valid designs)

1st 66
70

80.0 66.0 22.6
24.2 13.62nd 68 84.8 68.4 25.1

3rd 76 97.0 76.4 25.0

Table 5.12: Results of the CWGAN with and without Predictor experiments on the Berkeley
dataset.

5.4.4.2 Predictor Frozen VS Not Frozen Experiments

In the next set of experiments, we compared the performance of the CWGAN with
the Predictor when the Predictor’s weights were frozen and when they were not.
The results are presented in Table 5.13.
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As we can observe, both models had similar outcomes in terms of validity, but
in terms of the conditional relative error the model with the unfrozen Predictor
gave better results. One possible reason for this is that the Predictor learned from
both correct and incorrect examples, i.e. designs that do not match the target
frequency provided as input. In the early stages of training, the generated designs
likely do not follow the input frequency, yet the Predictor is being trained as if they
do. This allows the model to learn from mistakes, ultimately reducing the relative
error. Therefore, despite the higher conditional relative error, we will proceed
with the model with the Predictor frozen for the next experiments.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
with Predictor

Frozen
(all generated designs)

1st 72

66

90.2 72.2 19.0

19.8 6.72nd 58 83.2 57. 6 20.2

3rd 68 83.6 68.4 20.1

CWGAN
with Predictor

Not Frozen
(all generated designs)

1st 67

66

83.4 67.2 15.0

16.3 6.92nd 62 78.4 62.0 16.4

3rd 69 87.2 69.2 17.6

Table 5.13: Results of the experiments on the Berkeley dataset with the CWGAN with the
Predictor Frozen and Not Frozen.

5.4.4.3 Experiments Leveraging a Pre-trained WGAN Checkpoint

In this set of experiments using the Berkeley dataset, we compared the performance
of the CWGAN with the Predictor when using a pre-trained WGAN checkpoint
as a base, and when freezing the checkpoint so that only the conditional part of
the model was trained. The WGAN checkpoint referenced is the one described in
Section 5.4.10. This was the WGAN model trained on the Berkeley dataset that
achieved the best results. The outcomes of these experiments are summarised in
Table 5.14.

The model with the frozen pre-trained WGAN checkpoint achieved the highest
mean validity (79%) and the lowest mean conditional relative error (5.1%) so far.
Additionally, it required significantly less training time (1.45 hours), as only the
conditional part of the model was trained. These findings suggest that, in our
case, not only using a pre-trained WGAN checkpoint was beneficial, but also
freezing it, as discussed in Section 4.3. Freezing the checkpoint allowed the model
to focus exclusively on learning the conditional component, which led to better
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Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
with Predictor frozen

(all generated designs) and
pre-trained WGAN checkpoint

1st 75

70

85.4 74.8 22.9

19.3 6.532nd 72 86.6 72.4 19.9

3rd 64 77.4 64.2 15.0

CWGAN
with Predictor frozen

(all generated designs) and
frozen pre-trained WGAN checkpoint

1st 79

79

84.0 79.2 5.6

5.1 1.452nd 81 86.6 81.0 3.7

3rd 76 79.8 76.4 5.9

Table 5.14: Results of the experiments on the Berkeley dataset with the CWGAN with the
Predictor and a pre-trained WGAN checkpoint.

results in terms of conditional relative error while maintaining a high percentage
of valid generated designs.

The only drawback of this model is that the generated designs tend to be
relatively similar, as we can observe by the designs displayed in Figure 5.17.

Figure 5.17: Designs generated by the CWGAN with Predictor (all generated designs)
with frozen pre-trained WGAN checkpoint (second training).

5.4.4.4 Non-linear Function in FCD Experiments

In the following experiments, we compared the results of the CWGAN with the
Predictor and a pre-trained WGAN checkpoint (with both frozen and unfrozen
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settings) when using the Tanh activation function in the FCD. The results are
presented in Table 5.15.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN with Predictor frozen
(all generated designs),

pre-trained WGAN checkpoint
and Tanh in FCD

1st 66

71

79.8 66.4 17.9

17.1 6.642nd 72 86.4 72.0 15.0

3rd 74 86.0 74.0 18.4

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint

and Tanh in FCD

1st 81

82

87.4 81.2 8.1

7.5 1.462nd 84 89.4 83.8 7.6

3rd 80 84.2 80.2 6.7

Table 5.15: Results of the experiments on the Berkeley dataset with the CWGAN with the
Predictor, a pre-trained WGAN checkpoint and the Tanh activation function in the FCD.

Compared with the table from the previous section (Table 5.14), we can see
that both models achieved higher mean validity and lower mean conditional
relative error, proving that using the Tanh activation function in the FCD was
advantageous, as discussed in Section 4.2.

Similar to the last round of experiments, the model with the frozen pre-trained
WGAN checkpoint gave better results in terms of validity and conditional relative
error than the model with the unfrozen checkpoint. As expected, the training
time was also significantly reduced, as only the conditional part of the model was
trained.

In comparison with the last experiments, the model with the frozen pre-trained
WGAN checkpoint and the Tanh activation function in the FCD generated a higher
percentage of valid designs, with an average validity of 82% compared to the
previous 79% obtained by the frozen version without the Tanh. However, the
conditional relative error was slightly higher, with an average of 7.5% compared
to the previous 5.1%. Since both mean validities are high, we have decided to
proceed with the model showing the lower conditional relative error for the next
experiments, the model with the frozen pre-trained WGAN checkpoint and
without the Tanh activation function in the FCD.

5.4.4.5 Reduced Architecture of FCD Experiments

In this final set of experiments using the Berkeley dataset, we compared the perfor-
mance of the best CWGAN with the Predictor model so far with the same model
but with a reduced architecture of the FCD. Similar to the CGAN experiments,
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the FCD architecture was reduced from 8 to 6 linear layers. The results can be
found in Table 5.16.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint,

and FCD (8 linear layers)

1st 79

79

84.0 79.2 5.6

5.1 1.452nd 81 86.6 81.0 3.7

3rd 76 79.8 76.4 5.9

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint,

and reduced architecture
of FCD (6 linear layers)

1st 79

82

81.2 78.6 3.9

3.8 1.48
2nd 76 82.4 76.2 4.6

3rd 92 98.8 92.2 2.8

Table 5.16: Results of the experiments on the Berkeley dataset using the CWGAN with
the Predictor, a frozen pre-trained WGAN checkpoint and varying FCD architectures
(reduced and non-reduced).

Figure 5.18: Designs generated by the CWGAN with Predictor (all generated designs)
with frozen pre-trained WGAN checkpoint and reduced FCD architecture (third training).

The model with the reduced FCD architecture achieved a higher mean validity
(82%) compared to the model with the non-reduced architecture (79%), and
also a lower conditional relative error (3.8% compared to 5.1%). These results
demonstrate that slightly reducing the architecture of the FCD was beneficial
in this case, as discussed in Section 4.2. By reducing the architecture, the model
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preserved the essential information of the label while still transforming it into a
higher-dimensional space. This allowed the generator to better produce designs
based on the desired frequency.

The only downside of this model is that, like the model with the non-reduced
FCD architecture, the generated designs tend to be relatively similar, as we can
observe from the designs displayed in Figure 5.18.

5.4.5 Overall Conclusions on the Berkeley Dataset Experiments

After analysing the results of all experiments trained on the Berkeley dataset
(Sections 5.4.3 and 5.4.4), we can draw the following conclusions:

• The configuration that worked best for the CGAN models was: CGAN with
Predictor frozen (all generated designs), frozen pre-trained GAN checkpoint
and Tanh activation function in the FCD (Section 5.4.3.4).

• The configuration that worked best for the CWGAN models was: CWGAN
with Predictor frozen (all generated designs), frozen pre-trained WGAN
checkpoint and reduced architecture of the FCD (Section 5.4.4.5).

• On the Berkeley dataset, the CWGAN was the best model type for our
problem. It achieved higher mean validity, lower mean conditional relative
error, and more stability (no mode collapse) compared to the CGAN models.

• The designs generated by the CWGAN models tended to be less diverse than
those generated by the CGAN models, as we can observe in the designs
displayed in Figures 5.16 and 5.18.

5.4.6 CGAN with Predictor Experiments on the KU Leuven Dataset

5.4.6.1 With or Without Predictor Experiments

Similar to the Berkeley dataset experiments, we started by comparing the perfor-
mance of a standard CGAN (without the Predictor) with a CGAN that incorporates
the Predictor. The Predictor that we used in all of these experiments was the one
trained by the KU Leuven team on the KU Leuven dataset. The results of this
Predictor are displayed in Section 5.2.

We trained the CGAN with the Predictor in two different ways: one by provid-
ing all generated designs (both valid and invalid) to the Predictor, and the other by
providing only valid designs. In both cases, the Predictor’s weights were frozen
during training. The results of these experiments are summarised in Table 5.17.
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Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
without
Predictor

1st 50
17

56.0 50.2 16.0
25.4 0.892nd 0 0.0 0.0 25.7

3rd 0 51.8 0.0 34.4

CGAN
with Predictor

(all generated designs)

1st 57
19

57.6 56.7 34.7
29.9 1.462nd 0 0.0 0.0 28.6

3rd 0 0.0 0.0 26.5

CGAN
with Predictor

(only valid designs)

1st 2
32

2.0 1.6 26.2
40.6 4.912nd 57 100 56.8 46.0

3rd 36 100 35.8 49.5

Table 5.17: Results of the CGAN with and without Predictor experiments on the KU
Leuven dataset.

Unfortunately, similar to the experiments with the Berkeley dataset, all three
models experienced mode collapse. The average validity was low in all models,
and the average conditional relative error was high.

Regarding validity, the model that gave better results was the one where we
only passed valid designs to the Predictor. However, this model also had the worst
results in terms of conditional relative error and training time. Consequently, we
decided to proceed with the model that showed the second-best results in terms of
validity, along with lower conditional relative error and training time: the model
with the Predictor (all generated designs).

5.4.6.2 Predictor Frozen VS Not Frozen Experiments

In this set of experiments, we compared the performance of the CGAN with the
Predictor when the Predictor’s weights were frozen and when they were not. The
results are displayed in Table 5.18.

It’s evident that the model with the unfrozen Predictor showed slightly better
results in terms of validity and conditional relative error. However, both models
experienced mode collapse once again.

Despite the slightly better results of the model with the unfrozen Predictor,
we have decided to proceed with the model using the frozen Predictor for the
next experiments. This decision is based on the understanding that training the
Predictor with incorrect examples, as discussed in Section 5.4.4.2, would not be
meaningful.
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Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
with Predictor

Frozen
(all generated designs)

1st 57

19

57.6 56.7 34.7

29.9 1.462nd 0 0.0 0.0 28.6

3rd 0 0.0 0.0 26.5

CGAN
with Predictor

Not Frozen
(all generated designs)

1st 37

27

38.0 36.8 18.4

27.7 1.682nd 43 44.2 43.2 36.3

3rd 0 0.0 0.0 28.3

Table 5.18: Results of the experiments on the KU Leuven dataset with the CGAN with the
Predictor Frozen and Not Frozen.

5.4.6.3 Experiments Leveraging a Pre-trained GAN Checkpoint

In the following experiments, we compared the performance of the CGAN with
the Predictor when using a pre-trained GAN checkpoint as a base, and when
freezing the checkpoint so that only the conditional part of the model was trained.
The GAN checkpoint used in these experiments was the one described in Section
5.4.9. This was the GAN model trained on the KU Leuven dataset that achieved
the best results. The outcomes of these experiments are summarised in Table 5.19.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN
with Predictor frozen

(all generated designs) and
pre-trained GAN checkpoint

1st 9

69

36.4 9.2 17.9

28.8 1.602nd 100 100 100 50.2

3rd 97 100 97.0 18.4

CGAN
with Predictor frozen

(all generated designs) and
frozen pre-trained GAN checkpoint

1st 0

2

0.0 0.0 5.8

8.6 0.722nd 5 31.2 4.6 7.3

3rd 0 0.0 0.0 12.6

Table 5.19: Results of the experiments on the KU Leuven dataset with the CGAN with the
Predictor and a pre-trained GAN checkpoint.

Unfortunately, both models experienced mode collapse once again. However,
in the model with the unfrozen checkpoint, almost all the few different designs
generated were valid in the second and third training. In the second training, the
model consistently generated the same valid design, resulting in a 100% validity.
The design generated is presented in Figure 5.19. This led to a significantly higher
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mean validity (69%) compared to the model with the frozen checkpoint (2%),
where almost all the few different generated designs were invalid.

Figure 5.19: Designs generated by the CGAN with Predictor (all generated designs) with
a pre-trained GAN checkpoint (second training).

In terms of conditional relative error, the model with the frozen checkpoint
gave better results, with a mean of 8.6% compared to the 28.8% of the model
with the unfrozen checkpoint. This outcome may be attributed to the fact that
the model with the frozen checkpoint was focused exclusively on learning the
conditional part of the model, resulting in a lower conditional relative error.

5.4.6.4 Non-linear Function in FCD Experiments

In this next set of experiments on the KU Leuven dataset, we compared the results
of the CGAN with the Predictor and a pre-trained GAN checkpoint (with both
frozen and unfrozen settings) when using the Tanh activation function in the FCD.
The results are presented in Table 5.20.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN with Predictor frozen
(all generated designs),

pre-trained GAN checkpoint
and Tanh in FCD

1st 6

69

47.6 6.0 27.2

36.9 1.562nd 99.8 100 99.8 44.7

3rd 99.8 100 99.8 38.7

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint

and Tanh in FCD

1st 66

60

75.2 65.6 22.3

22.2 1.332nd 79 90.0 78.6 20.2

3rd 34 38.8 34.0 24.2

Table 5.20: Results of the experiments on the KU Leuven dataset with the CGAN with the
Predictor, a pre-trained GAN checkpoint and the Tanh activation function in the FCD.

As in the same experiments on the Berkeley dataset, a CGAN model didn’t
experience mode collapse for the first time, which was the model with the frozen
pre-trained GAN checkpoint. This model gave the best results in terms of mean
conditional relative error (22.2%) compared with the model with the unfrozen
checkpoint (36.9%). However, the model with the unfrozen checkpoint achieved a
higher mean validity (69%) than the model with the frozen checkpoint (60%). This
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is because the model with the unfrozen checkpoint gave mode collapse, generating
almost the same valid designs in the second and third trainings, leading to 99.8%
validity in these cases. Although in the first training, the model generated almost
all invalid designs, leading to 6% validity, the mean validity increased a lot because
of the second and third training.

That being said, we decided to proceed with the model that didn’t give mode
collapse, the model with the frozen pre-trained GAN checkpoint and the Tanh
activation function in the FCD.

5.4.6.5 Reduced Architecture of FCD Experiments

In this last setof experiments, we compared the performance of the bestCGAN with
the Predictor model so far with the same model but with a reduced architecture of
the FCD. Similar to our previous experiments, the FCD architecture was reduced
from 8 to 6 linear layers. The results can be found in Table 5.21.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint,

and Tanh in FCD (8 linear layers)

1st 66

60

75.2 65.6 22.3

22.2 1.332nd 79 90.0 78.6 20.2

3rd 34 38.8 34.0 24.2

CGAN with Predictor frozen
(all generated designs), frozen
pre-trained GAN checkpoint,

Tanh and reduced architecture
of FCD (6 linear layers)

1st 74

71

85.4 74.0 23.1

22.6 0.84
2nd 71 83.4 70.8 21.6

3rd 68 86.8 68.0 23.1

Table 5.21: Results of the experiments on the KU Leuven dataset using the CGAN with
the Predictor, a frozen pre-trained GAN checkpoint, the Tanh activation function, and
varying FCD architectures (reduced and non-reduced).

This time, neither of the models encountered mode collapse, which was a
positive outcome. The model with the reduced FCD architecture achieved a higher
mean validity (71%) compared to the model with the non-reduced architecture
(60%), and also had a shorter training time (0.84h compared to 1.33h). However, it
had a slightly higher mean conditional relative error (22.6% compared to 22.2%).

This indicates that reducing the architecture of the FCD was advantageous
in this case, as the model with the reduced architecture achieved better results,
despite the slightly higher mean conditional relative error. Figure 5.20 shows
some designs generated by the model with the reduced FCD architecture (second
training).
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Figure 5.20: Designs generated by the CGAN with Predictor (all generated designs), frozen
pre-trained GAN checkpoint, Tanh and reduced architecture of the FCD (second training).

5.4.7 CWGAN with Predictor Experiments on the KU Leuven Dataset

5.4.7.1 With or Without Predictor Experiments

In the first set of CWGAN experiments on the KU Leuven dataset, we compared
the performance of a standard CWGAN (without the Predictor) with a CWGAN
incorporating the Predictor. The Predictor used in all of these experiments was
the one trained by the KU Leuven team on the KU Leuven dataset. The results of
this Predictor are displayed in Section 5.2.

Once again, we trained the CWGAN with the Predictor in two different ways:
one by providing all generated designs (both valid and invalid) to the Predictor and
the other by providing only valid designs. In both cases, the Predictor’s weights
were frozen during training. The results of these experiments are summarised in
Table 5.22.

All three models did not experience mode collapse, which was a positive
outcome compared with the CGAN models.

The model without the Predictor achieved the worst results regarding mean
validity (62%) and conditional relative error (28.4%).

The model with the Predictor (all generated designs) achieved the best results
in terms of mean validity (68%). However, the model with the Predictor (only
valid designs) had a lower mean conditional relative error (20.8% compared to
24.1%). Regarding training time, the model with the Predictor (only valid designs)
took more than twice as long to train compared to the model with the Predictor
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Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
without
Predictor

1st 63
62

73.8 62.6 35.0
28.4 3.342nd 58 71.9 58.2 25.0

3rd 66 76.8 76.8 25.2

CWGAN
with Predictor

(all generated designs)

1st 73
68

82.6 73.4 31.7
24.1 4.102nd 65 81.8 65.4 24.4

3rd 65 74.8 64.8 16.1

CWGAN
with Predictor

(only valid designs)

1st 61
63

73.2 61.4 26.9
20.8 8.232nd 63 78.4 63.4 17.7

3rd 66 75.8 66.0 17.9

Table 5.22: Results of the CWGAN with and without Predictor experiments on the KU
Leuven dataset.

(all generated designs).
Therefore, we decided to proceed with the model that showed the best validity

results: the model with the Predictor (all generated designs).

5.4.7.2 Predictor Frozen VS Not Frozen Experiments

In the next set of experiments, we compared the performance of the CWGAN with
the Predictor when the Predictor’s weights were frozen and when they were not.
The results are presented in Table 5.23.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
with Predictor

Frozen
(all generated designs)

1st 73

68

82.6 73.4 31.7

24.1 4.102nd 65 81.8 65.4 24.4

3rd 65 74.8 64.8 16.1

CWGAN
with Predictor

Not Frozen
(all generated designs)

1st 61

66

69.4 60.8 22.4

18.7 4.352nd 73 83.8 73.4 19.3

3rd 64 76.0 63.6 14.5

Table 5.23: Results of the experiments on the KU Leuven dataset with the CWGAN with
the Predictor Frozen and Not Frozen.

The model with the frozen Predictor achieved slightly better mean validity
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(68%) than the model with the unfrozen Predictor (66%). However, the model
with the unfrozen Predictor had a lower mean conditional relative error (18.7%
compared to 24.1%). As explained in previous sections, this fact can be attributed
to the predictor’s training with possibly incorrect examples, especially at the
beginning of training, which is not meaningful. Therefore, we proceeded with the
model using the frozen Predictor for the following experiments.

5.4.7.3 Experiments Leveraging a Pre-trained WGAN Checkpoint

In this set of experiments, we compared the performance of the CWGAN with
the Predictor when using a pre-trained WGAN checkpoint as a base and when
freezing the checkpoint so that only the conditional part of the model was trained.
The WGAN checkpoint used in these experiments was the one described in Section
5.4.10. This was the WGAN model trained on the KU Leuven dataset that achieved
the best results. The outcomes of these experiments are summarised in Table 5.24.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN
with Predictor frozen

(all generated designs) and
pre-trained WGAN checkpoint

1st 52

60

65.8 52.0 37.5

30.1 4.122nd 79 88.2 78.8 34.6

3rd 50 60.4 50.4 18.3

CWGAN
with Predictor frozen

(all generated designs) and
frozen pre-trained WGAN checkpoint

1st 89

88

98.0 89.0 6.3

6.2 1.052nd 87 100 87.4 7.0

3rd 89 99.8 89.0 5.3

Table 5.24: Results of the experiments on the KU Leuven dataset with the CWGAN with
the Predictor and a pre-trained WGAN checkpoint.

The model with the frozen checkpoint achieved a higher mean validity (88%)
than the model with the unfrozen checkpoint (60%) and also had a lower mean
conditional relative error (6.2% compared to 30.1%). Regarding training time, it
also had a much shorter training time (1.05h compared to 4.12h), as expected, since
only the conditional part of the model was trained. This was the model that gave
the best results so far, so we decided to proceed with it for the next experiments.

Once again, the only downside of this model is that the designs generated are
similar to each other and not very diverse, as shown in Figure 5.21.

5.4.7.4 Non-linear Function in FCD Experiments

In the following experiments, we compared the results of the CWGAN with the
Predictor and a pre-trained WGAN checkpoint (with both frozen and unfrozen
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Figure 5.21: Designs generated by the CWGAN with Predictor (all generated designs)
with a frozen pre-trained WGAN checkpoint (third training).

settings) when using the Tanh activation function in the FCD. The results are
presented in Table 5.25.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN with Predictor frozen
(all generated designs),

pre-trained WGAN checkpoint
and Tanh in FCD

1st 59

62

64.0 58.8 19.2

24.2 4.052nd 62 72.8 61.8 23.0

3rd 65 74.4 64.8 30.5

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint

and Tanh in FCD

1st 95

90

99.2 95.0 8.3

9.2 1.002nd 88 91.4 88.0 8.5

3rd 88 94.6 88.2 10.8

Table 5.25: Results of the experiments on the KU Leuven dataset with the CWGAN with
the Predictor, a pre-trained WGAN checkpoint and the Tanh activation function in the
FCD.

The model with the frozen checkpoint achieved significantly better results in
terms of mean validity (90%) and mean conditional relative error (9.2%) compared
to the model with the unfrozen checkpoint (62% mean validity and 24.2% mean
conditional relative error). This model also had a much shorter training time (1.00h
compared to 4.05h), as expected, since only the conditional part was trained.

When comparing this model with the frozen WGAN checkpoint and the Tanh
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in the FCD with the best model so far (frozen WGAN checkpoint and no Tanh in
the FCD), the model with the Tanh achieved a higher mean validity (90% compared
to 88%), but a higher mean conditional relative error (9.2% compared to 6.2%).
Since the difference in mean conditional relative error was more significant than
the difference in mean validity, we chose to proceed with the model without the
Tanh in the FCD for the following experiments.

5.4.7.5 Reduced Architecture of FCD Experiments

In this last set of experiments, we compared the performance of the best CWGAN
with the Predictor model so far with the same model but with a reduced architec-
ture of the FCD. Similar to our previous experiments, the FCD architecture was
reduced from 8 to 6 linear layers. The results can be found in Table 5.26.

Model Training
Round

Validity (%)
Conditional

Relative
Error (%)

Training
Time

(hours)
V MV P I R MR

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint,

and FCD (8 linear layers)

1st 89

88

98.0 89.0 6.3

6.2 1.052nd 87 100 87.4 7.0

3rd 89 99.8 89.0 5.3

CWGAN with Predictor frozen
(all generated designs), frozen
pre-trained WGAN checkpoint,

and reduced architecture
of FCD (6 linear layers)

1st 97

90

99.0 96.8 5.7

5.5 1.00
2nd 80 100 79.8 5.5

3rd 93 99.2 93.4 5.4

Table 5.26: Results of the experiments on the KU Leuven dataset using the CWGAN with
the Predictor, a frozen pre-trained WGAN checkpoint and varying FCD architectures
(reduced and non-reduced).

The model with the reduced FCD architecture achieved a higher mean validity
(90%) compared to the model with the non-reduced architecture (88%), and also
had a lower mean conditional relative error (5.5% compared to 6.2%). This proves
that, in this case, reducing the architecture of the FCD was advantageous, as the
model with the reduced architecture achieved better results.

However, this model also shares the same downside as the previous best model:
the designs generated are similar to each other and not very diverse, as shown in
Figure 5.22.

5.4.8 Overall Conclusions on the KU Leuven Dataset Experiments

After analysing the results of all experiments trained on the KU Leuven dataset
(Sections 5.4.6 and 5.4.7), we can draw the following conclusions:
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Figure 5.22: Designs generated by the CWGAN with Predictor (all generated designs) with
a frozen pre-trained WGAN checkpoint and reduced FCD architecture (third training).

• The configuration that worked best for the CGAN models was: CGAN with
Predictor frozen (all generated designs), frozen pre-trained GAN checkpoint,
Tanh activation function and reduced architecture of the FCD (Section 5.4.6.5).

• The configuration that worked best for the CWGAN models was: CWGAN
with Predictor frozen (all generated designs), frozen pre-trained WGAN
checkpoint and reduced architecture of the FCD (Section 5.4.7.5).

• On the KU Leuven dataset, the CWGAN was the best model type for our
problem. It achieved higher mean validity, lower mean conditional relative
error, and more stability (no mode collapse) compared to the CGAN models.

• The designs generated by the CWGAN models tended to be less diverse than
those generated by the CGAN models, as we can observe in the designs
displayed in Figures 5.20 and 5.22.

Now that we have analysed the results of all CGAN and CWGAN experiments
conducted on both datasets, we’ll present in the following sections the results of
some GAN and WGAN experiments that led us choose the best configurations for
each model type trained on each dataset. The best configurations identified for
the GAN and WGAN models were then implemented in the CGAN and CWGAN
models that we have just shown, respectively, to achieve the best possible results.
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5.4.9 GAN Experiments

During our experiments with the GAN model, we came to the conclusion that the
best model configuration varied depending on the dataset.

In the case of the model trained on the Berkeley dataset, the best configuration
was the one displayed in Table 5.27. Note that G stands for Generator and D for
Discriminator. These acronyms we’ll also be used in the following tables.

The model was trained three times and the mean validity was 76%. Figure 5.23
shows the progress of the losses and the validity during the second training, and
Figure 5.24 shows some designs generated by the model.

Number of Epochs 200

Batch Size
G and D Reals 256

D Fakes 128

Learning Rate
G CosineAnnealingWarmRestarts(opt_g, 25, 1, 0.0050)
D CosineAnnealingWarmRestarts(opt_d, 25, 1, 0.00025)

Beta 1 0.5
Beta 2 0.9999

Kernel Size of the Conv2d Layers
G 5
D 3

Table 5.27: Best GAN configuration for the Berkeley Dataset.

Figure 5.23: Losses and Validity plot of the second training done with the best GAN
configuration for the Berkeley dataset.

In the case of the model trainedon the KU Leuven dataset, the best configuration
was the one described in Table 5.28. This model was also trained three times and
the mean validity was 61%. Figure 5.25 shows the progress of the losses and the
validity during the second training, and Figure 5.26 shows some designs generated
by the model.
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Figure 5.24: Designs generated by the best GAN model for the Berkeley dataset (second
training).

Number of Epochs 200
Batch Size 256

Learning Rate
G CosineAnnealingWarmRestarts(opt_g, 25, 1, 0.0050)
D CosineAnnealingWarmRestarts(opt_d, 25, 1, 0.00025)

Beta 1 0.5
Beta 2 0.9999

Kernel Size of the Conv2d Layers
G 3
D 3

Table 5.28: Best GAN configuration for the KU Leuven Dataset.

Figure 5.25: Losses and Validity plots of the second training done with the best GAN
configuration for the KU Leuven dataset.

In the following sections, we will present the results of some experiments con-
ducted with the GAN models, comparing different configurations and parameters
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Figure 5.26: Designs generated by the best GAN model for the KU Leuven dataset (second
training).

we mentioned in Section 4.1 as essential to achieving good results. It’s important
to note that if a parameter is not mentioned in the tables in the next sections, it is
because it’s the same as the best model, depending on the dataset.

5.4.9.1 Batch Size Tuning for GAN Models

As mentioned in Section 4.1, we conducted experiments with different batch sizes
for the GAN models and discovered that the optimal value varied depending on
the dataset. Table 5.29 presents the results on the Berkeley dataset using a batch
size of 128 fake designs and 256 real designs for the discriminator, and 256 for
the generator, as well as with a batch size of 256 for all components. All other
parameters remained constant for both models.

Our experiments showed that the model with a batch size of 256 for all compo-
nents achieved a mean validity of 45%, while the model with half the fake designs
achieved a mean validity of 76%. This indicates that the model with fewer fake
designs outperformed in terms of validity, generating a higher number of valid
designs, which aligns with our primary goal in the GAN models. This implies
that, for the Berkeley dataset, the most effective approach is to provide fewer fake
examples to the discriminator.

However, for the KU Leuven dataset, we can’t say the same. Table 5.30 shows
the results for the same batch size experiments conducted on the Berkeley dataset,
but this time on the KU Leuven dataset. As we can see, the model with a batch
size of 256 for all components achieved a mean validity of 61%, while the model
with half the fake designs achieved a mean validity of 58%. This indicates that, for
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Batch Size Learning Rate Kernel Size
(G)

Validity
Training
Round

V
(%)

MV
(%)

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

5

1st 76

762nd 78

3rd 75

256

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

5

1st 50

452nd 66

3rd 18

Table 5.29: Comparison of the results obtained on the Berkeley dataset when providing
fewer fake designs to the discriminator and when using the same batch size for all
components.

the KU Leuven dataset, the most effective approach is to provide the same batch
size for all components.

Batch Size Learning Rate Kernel Size
(G)

Validity
Training
Round

V
(%)

P
(%)

I
(%)

MV
(%)

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3

1st 49 56.8 48.8

582nd 59 65.6 58.8

3rd 66 72.0 66.0

256

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3

1st 65 74.6 64.6

612nd 66 75.2 65.6

3rd 63 60.8 53.2

Table 5.30: Comparison of the results obtained on the KU Leuven dataset when providing
fewer fake designs to the discriminator and when using the same batch size for all
components.

5.4.9.2 Learning Rate Tuning for GAN Models

In our experiments, we observed that using a cosine learning rate scheduler and
setting a higher learning rate for the generator compared to the discriminator had
a positive impact, as discussed in Section 4.1.

Table 5.31 presents the results from experiments on the KU Leuven dataset
when using the cosine learning rate scheduler and when not using it. All other
parameters remained constant for both models. The model with the cosine learning
rate schedulerachieveda mean validity of58%, while the modelwithout it achieved
a mean validity of 51%. These results indicate that using this type of scheduler
was advantageous in our scenario.
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Batch Size Learning Rate Kernel Size
(G)

Validity
Training
Round

V
(%)

P
(%)

I
(%)

MV
(%)

256 (G and D reals)
128 (D fakes)

0.0050 (G)
0.00025 (D) 3

1st 51 63.2 50.8
512nd 57 66.0 56.6

3rd 46 60.0 46.4

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3

1st 49 56.8 48.8

582nd 59 65.6 58.8

3rd 66 72.0 66.0

Table 5.31: Comparison of the results achieved on the KU Leuven dataset with and without
using the cosine learning rate scheduler.

In Table 5.32, we present the results from experiments on the KU Leuven dataset
when using the same learning rate for both the generator and the discriminator and
when using a higher learning rate for the generator compared to the discriminator.
As usual, all other parameters remained constant for both models. The model with
a higher learning rate for the generator achieved a mean validity of 58%, while the
model with the same learning rate for both components achieved a mean validity
of 51%. This demonstrates that setting a higher learning rate for the generator was
more effective in our case.

Batch Size Learning Rate Kernel Size
(G)

Validity
Training
Round

V
(%)

P
(%)

I
(%)

MV
(%)

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.00025) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3

1st 45 58.6 45.4

512nd 57 65.8 57.2

3rd 51 72.8 51.2

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3

1st 49 56.8 48.8

582nd 59 65.6 58.8

3rd 66 72.0 66.0

Table 5.32: Comparison of the results obtained on the KU Leuven dataset when using
the same learning rate for both GAN components or using a higher learning rate in the
generator than in the discriminator.

5.4.9.3 Tuning of the Kernel Size of Generator’s Conv2d Layers for GAN Models

During our GAN experiments, we observed that the kernel size used in the
generator’s Conv2d layers had a significant impact on the results, and the optimal
value depended on the dataset.

In the case of the Berkeley dataset, as we can see in Table 5.33, the model with
a kernel size of 5 achieved a validity of 80%, while the models with kernel sizes of
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3 and 7 achieved validities of 73% and 67%, respectively. This indicates that the
model with a kernel size of 5 was the most effective for the Berkeley dataset.

Batch Size Learning Rate Kernel Size (G) Validity (%)
256 (G and D reals)

128 (D fakes)
CosineAnnealingWarmRestarts

(opt_g, 25, 1, 0.0050) (G)
CosineAnnealingWarmRestarts

(opt_d, 25, 1, 0.00025) (D)

3 73

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

5 80

256 (G and D reals)
128 (D fakes)

CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

7 67

Table 5.33: Comparison of results obtained on the Berkeley dataset when using different
kernel sizes in the generator’s Conv2d layers.

For the KU Leuven dataset, the results were different, as shown in Table 5.34.
The model with a kernel size of 3 achieved a mean validity of 61%, while the
models with kernel sizes of 5 and 7 achieved mean validities of 47% and 40%,
respectively. This demonstrates that the model with a kernel size of 3 was the
most beneficial for the KU Leuven dataset.

Batch Size Learning Rate Kernel Size (G) Mean
Validity (%)

256 CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

3 61

256 CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

5 47

256 CosineAnnealingWarmRestarts
(opt_g, 25, 1, 0.0050) (G)

CosineAnnealingWarmRestarts
(opt_d, 25, 1, 0.00025) (D)

7 40

Table 5.34: Comparison of results obtained on the KU Leuven dataset when using different
kernel sizes in the generator’s Conv2d layers.
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5.4.10 WGAN Experiments

Contrary to the GAN models, we found that the best WGAN configuration was
the same for both datasets as the results were similar.

The best WGAN configuration is displayed in Table 5.35. The model was
trained three times per dataset and the mean validity was 69% for the Berkeley
dataset and 65% for the KU Leuven dataset. Figure 5.27 shows the progress of
the losses and the validity during the first training on the Berkeley dataset, and
Figure 5.28 shows some designs generated by that model. Figure 5.29 shows the
progress of the losses and the validity during the first training on the KU Leuven
dataset, and Figure 5.30 shows some designs generated by that model.

Number of Epochs 200
Batch Size 64

Learning Rate 0.0001
Beta 1 0
Beta 2 0.9

Kernel Size of the Conv2d Layers
G 5
D 3

Weight Clipping VS Gradient Penalty Gradient Penalty
Number of Critic Iterations 3

Lambda Value 10

Table 5.35: Best WGAN configuration for both datasets.

Figure 5.27: Losses and Validity plots of the first training done with the best WGAN
configuration on the Berkeley dataset.

In the following sections we will present the results of some experiments con-
ducted with the WGAN models, comparing different configurations of parameters
we mentioned in Section 4.4 as essential to achieving good results. Once again, if
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Figure 5.28: Designs generated by the best WGAN model on the Berkeley dataset (first
training).

Figure 5.29: Losses and Validity plots of the first training done with the best WGAN
configuration on the KU Leuven dataset.

a parameter is not mentioned in the tables in the next sections, it is because it is
the same as the best model.

5.4.10.1 Weight Clipping VS Gradient Penalty

As mentioned in Section 4.4, we found that the methodused to enforce the Lipschitz
constraint had a significant impact on the results of our WGAN experiments.

Table 5.36 shows the results obtained on the Berkeley dataset when using the
weight clipping and the gradient penalty techniques in the WGAN. It’s important
to note that we used the original parameters from the papers for both models:
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Figure 5.30: Designs generated by the best WGAN model on the KU Leuven dataset (first
training).

• For the model with gradient penalty, we set beta 1 and beta 2 as 0 and 0.9,
respectively, the lambda value as 10, and the number of critic iterations as 5.

• Regarding the model with weight clipping, we defined the clipping value as
0.01 and the number of critic iterations as 5.

As shown in the table, the model with gradient penalty achieved a mean
validity of 65%, while the model with weight clipping achieved a mean validity
of 22%. This proves that the gradient penalty technique produces better results.

Model Batch Size Learning Rate
Validity (%)

V P I
WGAN

with
weight clipping

64 0.00005 22 24.0 22.4

WGAN
with

gradient penalty

64 0.0001 65 81.4 65.0

Table 5.36: Comparison of the results obtained on the Berkeley dataset when using the
weight clipping and the gradient penalty techniques in the WGAN.
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5.4.10.2 Number of Critic Iterations

In our WGAN experiments, we also noticed that the number of critic iterations
significantly impacted the results. Table 5.37 presents the results obtained on the
Berkeley dataset when using various numbers of critic iterations in the Wasserstein
GAN with Gradient Penalty (WGAN-GP). All other parameters remained constant
for all models. The table indicates that the model with 3 critic iterations achieved
a 73% mean validity, while the models with 5 and 2 critic iterations achieved mean
validities of 58% and 65% respectively. This demonstrates that the model with 3
critic iterations was the most effective in our scenario.

Batch Size Learning Rate Critic Iterations
Validity (%)

V P I
64 0.0001 5 58 74.2 57.8
64 0.0001 3 73 85.0 73.2
64 0.0001 2 65 78.4 65.4

Table 5.37: Comparison of the results obtained with the Berkeley dataset when using
various numbers of critic iterations in the WGAN-GP.

5.4.11 Results Conclusions

After analysing all the results displayed in the previous sections, we can take some
conclusions:

• The CWGAN with Predictor is the best model for both datasets, as it achieved
the highest mean validity and lowest mean conditional relative error (Sections
5.4.4.5 and 5.4.7.5).

• The CWGAN models are more stable than the CGAN models. The CGAN
models resulted in mode collapse in almost every experiment with both
datasets, while the CWGAN models did not experience mode collapse in any
experiment with both datasets.

• The designs generated by the CWGAN models tend to be less diverse than
those generated by the CGAN models (Figures 5.16 and 5.20 VS Figures 5.18
and 5.22).

• The configuration that worked best for the CGAN models trained on the
Berkeley dataset was: CGAN with Predictor frozen (all generated designs),
frozen pre-trained GAN checkpoint and Tanh activation function in the FCD
(Section 5.4.3.4).
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• The configuration that worked best for the CGAN models trained on the KU
Leuven dataset was: CGAN with Predictor frozen (all generated designs),
frozen pre-trainedGAN checkpointandTanhactivation function andreduced
architecture of the FCD (Section 5.4.6.5).

• The configuration that worked best for the CWGAN models was the same
for both datasets: CWGAN with Predictor frozen (all generated designs),
frozen pre-trained WGAN checkpoint and reduced architecture of the FCD
(Sections 5.4.4.5 and 5.4.7.5).

• Ultimately, the best model for our problem is the CWGAN KU Leuven V9
model (Section 5.4.2).
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Conclusions

In this thesis, we explored the usage of conditional deep generative models for
the design of MEMS devices. The traditional design process for the design of
MEMS devices is very time-consuming. It requires a lot of human expertise, which
can be a bottleneck when developing new devices. Therefore, using generative
models can be a game changer in this field, as it can save time in the creation
process and allow the exploration of different design paths. Our objective was
to develop conditional generative models that, given specific frequencies, could
generate designs that not only adhere to the MEMS design constraints but also
have those frequencies. To support our work, we created the KU Leuven dataset,
a specifically tailored dataset of MEMS devices with their respective frequencies
to train our models.

After an extensive analysis of current MEMS design literature and existing
generative models, we decided to explore GANs, as they were already used in
the MEMS design field. We experimented with two GAN variants: Conditional
GANs (CGANs) and Conditional Wasserstein GANs (CWGANs).

To assess the performance and reliability of these models, we developed a novel
evaluation methodology consisting of several metrics. The most important ones
were the mean number of valid designs generated and the mean error between
the input and the predicted frequencies of the generated designs. We conducted
multiple experiments with different parameters and techniques, and then assessed
them using our new evaluation methodology to identify the best configuration
for each model type and, consequently, the best model for our task.

Ultimately, we discovered that CWGANs outperformed CGANs, as they were
much more stable and produced a greater number of valid and better-conditioned
designs. However, the designs generated by CWGANs were found to be less
diverse compared to those generated by CGANs, which was a limitation of this
model type. Despite this limitation, we were able to generate designs that adhered
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to the design constraints and had the desired frequencies, which was our primary
goal.

In conclusion, we can say that our initial objective was achieved. Our best
model (CWGAN KU Leuven V9) generated an average of 90% valid designs, with
a 10% average error in the frequencies of the generated designs compared to
the input. Although it does not produce highly diverse designs, it only takes
around 11 seconds to generate a design based on a frequency, which is a very
significant improvement compared to the traditional design process. This work
will contribute to the MEMS design field, as it can significantly reduce the time
required to design MEMS devices with good performance and ultimately produce
different design paths that humans might not think of.

6.1 Future Work

In this project, we also tried training Diffusion Models, currently considered
state-of-the-art in generative modelling. Unfortunately, the results we achieved
were not satisfactory, as described in more detail in Annex I. We were unable to
generate valid designs using this model, and we lacked the time to investigate
the underlying reasons for this challenge. Consequently, a potential direction for
future work would be to explore these models further to understand better and
address the issues we encountered, as this type of model has the potential to
outperform GANs in this task.
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A

Best Model Architecture

This is the architecture of the CWGAN KU Leuven V9 model, which we found
to be the best model for our problem. It’s important to note that the Predictor’s
architecture is not shown in this figure to simplify since it is based on the ResNet50
network.

CWGAN(

(wgan): WGAN_GP(

(generator): Generator(

(model): Sequential(

(0): Linear(in_features=64, out_features

=640000, bias=True)

(1): Unflatten(dim=1, unflattened_size=(256,

50, 50))

(2): BatchNorm2d(256, eps=1e-05, momentum=0.1,

affine=True, track_running_stats=True)

(3): ConvTranspose2d(256, 256, kernel_size=(5,

5), stride=(1, 1), padding=(2, 2))

(4): BatchNorm2d(256, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(5): LeakyReLU(negative_slope=0.2, inplace=True

)

(6): ConvTranspose2d(256, 128, kernel_size=(5,

5), stride=(1, 1), padding=(2, 2))

(7): BatchNorm2d(128, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(8): LeakyReLU(negative_slope=0.2, inplace=True

)
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(9): ConvTranspose2d(128, 64, kernel_size=(5,

5), stride=(1, 1), padding=(2, 2))

(10): BatchNorm2d(64, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(11): LeakyReLU(negative_slope=0.2, inplace=

True)

(12): ConvTranspose2d(64, 32, kernel_size=(5,

5), stride=(1, 1), padding=(2, 2))

(13): BatchNorm2d(32, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(14): LeakyReLU(negative_slope=0.2, inplace=

True)

(15): ConvTranspose2d(32, 16, kernel_size=(5,

5), stride=(1, 1), padding=(2, 2))

(16): BatchNorm2d(16, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(17): LeakyReLU(negative_slope=0.2, inplace=

True)

(18): ConvTranspose2d(16, 3, kernel_size=(5, 5)

, stride=(1, 1), padding=(2, 2))

(19): Sigmoid()

)

)

(discriminator): Discriminator(

(model): Sequential(

(0): Conv2d(3, 64, kernel_size=(3, 3), stride

=(1, 1), padding=(1, 1))

(1): LeakyReLU(negative_slope=0.2, inplace=True

)

(2): Dropout2d(p=0.25, inplace=False)

(3): Conv2d(64, 64, kernel_size=(3, 3), stride

=(1, 1), padding=(1, 1))

(4): LeakyReLU(negative_slope=0.2, inplace=True

)

(5): Dropout2d(p=0.25, inplace=False)

(6): InstanceNorm2d(64, eps=1e-05, momentum

=0.1, affine=True, track_running_stats=False

)
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(7): Conv2d(64, 64, kernel_size=(3, 3), stride

=(1, 1), padding=(1, 1))

(8): LeakyReLU(negative_slope=0.2, inplace=True

)

(9): Dropout2d(p=0.25, inplace=False)

(10): InstanceNorm2d(64, eps=1e-05, momentum

=0.1, affine=True, track_running_stats=False

)

(11): Conv2d(64, 64, kernel_size=(3, 3), stride

=(1, 1), padding=(1, 1))

(12): LeakyReLU(negative_slope=0.2, inplace=

True)

(13): Dropout2d(p=0.25, inplace=False)

(14): InstanceNorm2d(64, eps=1e-05, momentum

=0.1, affine=True, track_running_stats=False

)

(15): Conv2d(64, 64, kernel_size=(3, 3), stride

=(1, 1), padding=(1, 1))

(16): LeakyReLU(negative_slope=0.2, inplace=

True)

(17): Dropout2d(p=0.25, inplace=False)

(18): InstanceNorm2d(64, eps=1e-05, momentum

=0.1, affine=True, track_running_stats=False

)

(19): Conv2d(64, 128, kernel_size=(3, 3),

stride=(1, 1), padding=(1, 1))

(20): LeakyReLU(negative_slope=0.2, inplace=

True)

(21): Dropout2d(p=0.25, inplace=False)

(22): InstanceNorm2d(128, eps=1e-05, momentum

=0.1, affine=True, track_running_stats=False

)

(23): Flatten(start_dim=1, end_dim=-1)

(24): Linear(in_features=320000, out_features

=1, bias=True)

)

)

)
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APPENDIX A. BEST MODEL ARCHITECTURE

(fcd): FullyConnectedDecoder(

(model): Sequential(

(0): Linear(in_features=1, out_features=128, bias=

True)

(1): LeakyReLU(negative_slope=0.2, inplace=True)

(2): Linear(in_features=128, out_features=512, bias

=True)

(3): BatchNorm1d(512, eps=0.8, momentum=0.1, affine

=True, track_running_stats=True)

(4): LeakyReLU(negative_slope=0.2, inplace=True)

(5): Linear(in_features=512, out_features=1024,

bias=True)

(6): BatchNorm1d(1024, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(7): LeakyReLU(negative_slope=0.2, inplace=True)

(8): Linear(in_features=1024, out_features=1024,

bias=True)

(9): BatchNorm1d(1024, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(10): LeakyReLU(negative_slope=0.2, inplace=True)

(11): Linear(in_features=1024, out_features=512,

bias=True)

(12): BatchNorm1d(512, eps=0.8, momentum=0.1,

affine=True, track_running_stats=True)

(13): LeakyReLU(negative_slope=0.2, inplace=True)

(14): Linear(in_features=512, out_features=32, bias

=True)

)

)

(predictor): Predictor(

(base_model): ResNet(...)

)

)
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I

Diffusion Models

During the development of this thesis, we also tried to use Diffusion Models to
generate designs. Our objective was to see if this type of model could generate
better designs than the ones generated by the CGANs and CWGANs.

We tried to use two different models from HuggingFace’s Diffusers library, the
UNet2DModel [44] and the UNet2DConditionModel [43]. We trained both models
on the KU Leuven dataset, but the results were unsatisfactory. We did various
experiments with different hyperparameters, but the results were always the same:
all epochs generated all invalid designs, i.e., the validity metric was always zero.
Figure I.1 shows the losses and validity plots of one of the experiments we did
with the UNet2DConditionModel, and Figure I.2 shows the designs generated
by the same model. As we can observe, the loss values were decreasing, but the
validity metric was always zero, which means that all the designs generated were
invalid. The designs generated were different from each other but very complex
and not visually similar to the designs in the dataset or to the designs generated
by the CGANs and CWGANs.

Unfortunately, we didn’t manage to understand what the problem was with
this type of model and why it was unable to generate valid designs. We didn’t
have enough time to investigate further.
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ANNEX I. DIFFUSION MODELS

Figure I.1: Losses and Validity plots of a UNet2DConditionModel experiment on the KU
Leuven dataset.

Figure I.2: Designs generated by a UNet2DConditionModel trained on the KU Leuven
dataset.

106



II

Submitted Abstract

This Annex reveals our abstract submission to the IEEE MEMS 2025 conference.
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GENERATIVE AND GENERALIZABLE OPTIMIZATION FRAMEWORK 
FOR MEMS DEVICES THROUGH ACTIVE LEARNING  

 
Novelty / Progress Claim(s)  

This paper presents a novel and highly flexible active learning framework for the optimization of micro-electro-
mechanical systems (MEMS) devices. At its core, it leverages a deep convolutional generative adversarial network 
(GAN), regularized by a MEMS performance predictor, to selectively and iteratively shift the model design geometry 
learned distribution towards optimizing a target criterion. Given its principled design, the framework trivially 
generalizes to distinct optimization criteria. To illustrate the efficacy of the framework, this study introduces a MEMS 
resonator featuring an unparameterized arbitrary suspension, where we explicitly optimize the quality factor (Q) while 
ensuring fabrication feasibility. We showcase a diverse array of fabrication-feasible MEMS resonators exhibiting 
improved Q-factors, achieving up to 10% Q relative improvement. To the best of our knowledge, this is the first 
successful implementation of a MEMS devices’ design generative machine learning optimization process. 
 
Background / State of the Art 

Recently, machine learning algorithms have emerged as a novel methodology in the design of MEMS devices. For instance, 
Siu et al. conducted a study on the conditional generation of MEMS devices utilizing deep convolutional generative 
adversarial networks (GANs) [1]. Despite promising, it often produces designs that exhibit suboptimal Q values. That suggests 
its limitation in generating designs higher-performing designs than those in the training dataset, due to the lack of explicit 
optimization. Active learning optimization techniques [2,3], have been applied across various scientific domains and show 
considerable potential. This is further evidenced by a recent study on the design of freeform diffractive meta gratings based 
on generative adversarial networks [4]. Nevertheless, these optimization strategies have yet to be implemented in the design 
of MEMS devices, thereby presenting a significant opportunity to advance device performance to a new level. 

Description of the New Method or System 

Our proposed methodology is structured around a four-part pipeline that includes (Figure 1): (1) a generator pre-trained on a 
designated training dataset, (2) a Q-value evaluation process, (3) a buffer designed to temporarily store generated designs 
along with their evaluated properties, and (4) a buffer update strategy that iteratively incorporates new and improved designs 
based on a predefined criteria. The process initiates with the generation of a batch of sub-optimal designs utilizing the 
generator, which are subsequently assessed through the Q value evaluation process. Following this evaluation, the selected 
update strategy determines which designs will be integrated into the buffer, effectively replacing those with lower Q values. 
Ultimately, the GAN is trained in an interleaved manner, with designs from the original training dataset the optimization 
buffer. This biases the model’s generation toward designs that optimize the target criteria. The principled active learning 
mechanism can be tuned to different target criteria of the operator, by simply defining a corresponding buffer update strategy.  
 
Experimental Results 

Our proposed methodology has been successful at improving the quality factor (Q) of generated designs by an average of 
10% as observed in Figure 4. Our process involved optimizing the generative model for 50 epochs with 180 steps each and 
with 80% of designs in batches coming from the optimization buffer. Some flexural frequency ranges have achieved higher 
improvements, up to around 20%. Higher frequencies, on the other hand, noticed little improvement, sometimes even 
decreasing in Q value by a small margin. Additionally, the framework could optimize the designs with no penalty on feasibility 
or design diversity, as observed in Figure 3. 

Word count: 536 
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Figure 3 - Feasibility and similarity observed during the 
optimization epochs. Both the feasibility and the design 
similarity remain stable throughout the whole process meaning 
our optimization framework can optimize the generated designs 
with no feasibility or diversity penalty. 

Figure 2 - Examples of feasible and infeasible 
designs, with reasons for infeasibility marked in red. 

 

Figure 4 - Q-factor mean relative error when comparing 
with the non-optimized model. Most segments have 

improved Q factors suggesting our optimization framework 
improved the original model to the point of generating 

improved Q factor designs. 

Figure 1 - Optimization framework pipeline 
architecture: (1) training mini-batches are 

constructed from both the original training dataset 
and the optimization buffer. These will be used to 

fine-tune a pre-trained generative adversarial 
network (2) to generate batches of new designs. These 

new designs will then pass through a feasibility 
checker (3), which validates the structure and filters 

out any non-feasible designs. Furthermore, the 
remaining designs’ quality factor (Q) is computed 
using a predictor (4) and these are passed to the 

optimization strategy component (5), which contains 
the optimization buffer update logic. This process is 

repeated a configurable number of times. 

Figure 5 - Distribution of the frequencies and Q factors of 
designs generated by the original non-optimized and the 

optimized checkpoint. 
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