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Abstract

GM (Generative Modelling) is a class of self-supervised Machine Learning which
finds applications in synthetic data generation, semantic representation learning,
and various creative and artistic fields. GM (aka. Generative Al) seemingly holds
the potential for the next breakthrough in Al; of which, the recent successes in
LLMs, text-to-image synthesis and text-to-video synthesis serve as formidable
testament. The way these generative models have revolutionized the process of
2D content creation, we can expect that 3D generative modelling will also contribute
significantly towards simplifying the process of 3D content creation. However, it is
non-trivial to extend the 2D generative algorithms to operate on 3D data managing
various factors such as the inherent data-sparsity, the growing memory requirements,
and the computational complexity. The application of Generative Modelling to
3D data is made even harder due to the pertaining challenges: firstly, finding a
large quantity of 3D training data is much more complex than 2D images; and
secondly, there is no de-facto representation for 3D assets, where various different
representations such as point-clouds, meshes, voxel-grids, neural (MLP)s, etc. are
used depending on the application. Thus, with the goal of ultimately enabling
3D Generative Models, and considering the aforementioned challenges, I propose
this thesis which makes substantial strides ‘“Towards Computationally Efficient,

Photorealistic, and Scalable 3D Generative Modelling”.



Impact Statement

This thesis, shines a key new insight into our understanding of 3D representations
(chapter 4); proposes first ever approaches for certain tasks that were deemed impos-
sible earlier, such as training a 3D generative model using a single 3D scene (chapter
5), and training a 3D diffusion model only using 2D images (chapter 6); as well as
proposes a highly unique and intriguing mathematical framework of generative mod-
elling for handling arbitrary 3D representations that exist today or will be proposed
in the future (chapter 8).

Apart from the research contributions, this thesis has tangible real-world impact.
For instance, the latest release of the Mitsuba renderer version 3, demonstrates
fitting ReLU-Fields (chapter 4) as a showcase example of the framework [1]; the
5 publications in total have received over 150 citations; and, the code repositories
of publications have in total received more than 250 stars on GitHub, at the time of
writing this thesis within a period of less than 2 years.

All of our novel approaches have been published at the premier venues for
scholarly work in the fields of 3D Vision (3DV), Computer Vision (CVPR and
ICCV/ECCV) and Computer Graphics (SIGGRAPH). To encourage further research
on our approaches, I release the code, datasets and additional results for most of the
publication as allowed by the university, funding agency and company policies. For
all the publications, I release supplementary explanatory videos and project websites

for efficient dissemination of the proposed research ideas.
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Chapter 1

Introduction

3D is not special because it's “immersive”, it's that 2D is de cient
because it is not.

Amit Jain, Luma Al

1.1 Why 3D?

Computer Graphics is the systematic eld of study of processes for creating 2D
images with the use of a Digital Computer. The earliest Computer Graphics systems
consisted of sophisticated routines for 2D drawings which aided various architectural
and mapping applicationg]. These nascent graphics systems inspired almost all the
operating system interfaces that we use currently. However those 2D graphics sys-
tems were not enough for more creative applications which required realistic shading
and animations. Because of these niche requirements, very soon the discipline of
Computer Graphics evolved to encompass 3D scenes, structures and motions. It was
soon realised that it is much easier to simulate 3D rather than to emulate 3D 8.2D [
Thus various graphics operations such as 3D scene structuring, coordinate systems,
camera representations, camera and object transformations, and most-importantly
3D lighting and shading started receiving a rigorous mathematical and physics-based
treatment4, 5, 6]. This scienti c treatment of the eld of computer graphics not

only pushed the development of various ef cient and photo-realistic 3D algorithms,
but also fueled creative industries such as Video Games and Movies (with CGI). Till
today, Video Games and Movies remain the most widespread and the most important
3D creative applications.

It is commonly asserted th@&en-Xgrew up on reading book®jillennials on
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