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Abstract

Modern generative models can synthesize highly realistic images, but their internal repre-
sentation of content, material, illumination, and viewpoint is often implicit. This makes the
generated result difficult to analyse and edit in a controlled manner. The central question
of this thesis is therefore how to introduce fine-grained control into generative models

without sacrificing visual fidelity.

This thesis studies that question through a sequence of methods that progressively
connect controllable generation with physics-based rendering. First, we investigate control-
lability inside a style-based generator and introduce generative fields as a way to analyse the
spatial extent of channel-wise control in StyleGAN2. This analysis is used to relate different
generator layers to coarse and fine facial attributes, and motivates a reference-guided
editing framework that preserves identity while transferring pose and expression from a
reference image. The resulting study shows that controllability inside a latent generator
can be made more explicit when the spatial role of intermediate channels is analysed rather

than treated as a purely implicit property of the model.

Second, we study illumination control as a rendering problem and propose a physics-based
neural deferred shading pipeline for real-world portrait images. The method takes estimated
material, geometry, and illumination attributes as input, and learns a scene-agnostic
mapping from geomertry buffer representations to photorealistic shading under HDR
environment lighting. To support this study, we construct FFHQ256-PBR,, a large facial
dataset with estimated PBR textures, geometry buffers, lighting, and camera parameters.
This part of the thesis shows that a learned shader can compensate for the mismatch
between inverse-rendered real-world attributes and classical rendering assumptions, making

relighting more controllable in practice.

Third, we integrate this rendering perspective into text-to-image generation. We
introduce ShadingFusion, a rendering-aware diffusion pipeline in which a modified latent
diffusion model predicts decomposed material representations rather than only final RGB
appearance, and a neural shader then renders the result under controllable illumination.
To enable this setting, we construct a paired dataset of portrait images, estimated PBR
attributes, and structured text descriptions, and we redesign the VAE decoder as a multi-

head architecture that jointly reconstructs RGB content and G-buffer outputs. This
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decomposition allows diffusion-based synthesis to retain photorealism while supporting
explicit relighting and material-aware control after generation.

Finally, we extend the same idea to 3D generation. We propose DiffGSPBR, which
combines generative 3D Gaussian splatting with deferred shading to produce decomposed
3D scenes whose materials, lighting, and viewpoint can be edited after generation. Built on
top of a generative Gaussian-splatting backbone, the method adds a material-estimation
head, a global illumination-estimation head, and a physics-based Gaussian deferred renderer
that closes the loop through self-supervised reconstruction. In this way, the thesis moves
from controllable 2D generation to editable 3D scene synthesis, showing that rendering-
aware decomposition can support relightable and view-consistent generation in a unified
framework.

Taken together, these contributions show that separating content generation from image
formation is a practical way to improve the interpretability and controllability of generative
models, rather than treating rendering as an implicit by-product of sampling. This thesis
demonstrates that rendering can be brought back into the generative pipeline as an explicit
and editable component for both 2D and 3D synthesis.
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Chapter 1
Introduction

Image generation and image rendering have traditionally developed as different research
directions. Generative models focus on synthesising novel content from data distributions,
whereas rendering focuses on forming an image from an explicit scene description, material
model, lighting configuration, and camera. In modern deep generative systems these two
roles are often merged: a model directly predicts final RGB output, but the intermediate
representation of geometry, material, and illumination remains implicit. As a result, the
generated image may be visually convincing while still being difficult to analyse, edit, or
relight in a controlled manner.

This thesis is motivated by the observation that fine-grained controllability requires a
clearer separation between what is generated and how it is imaged. In particular, many
practical editing tasks require some aspects of a scene to remain stable while others change
in a physically meaningful way. Examples include preserving identity while changing pose,
preserving content while changing illumination, or preserving structure while changing
viewpoint. These requirements are common and well studied in computer graphics, but
they are not naturally enforced in standard generative pipelines.

To clarify the discussion, this thesis distinguishes two coupled but conceptually different

stages:

e Content generation is the synthesis of latent or structured representations that

specify what should be present in the scene.

¢ Rendering is the image-formation process that maps those representations to

observable output under geometry, material, lighting, and viewpoint constraints.

Figure 1.1 highlights the contrast between these two paradigms. Graphics-based
rendering provides precise control over the image-formation process through explicit
geometry, material, lighting, and camera parameters. However, it does not by itself solve
the problem of generating new content, and the final appearance is still constrained by the

assumptions and approximations of the rendering algorithm. Contemporary generative
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Figure 1.1: Comparison of offline rendering, real-time rendering (Luckmouse, 2016) and
the image generated from a statistical generative model

models, by contrast, can learn directly from real image distributions and therefore produce
highly realistic results, but they typically do so without exposing the underlying factors
needed for fine-grained control. The central challenge addressed in this thesis is therefore
how to combine these complementary strengths: retaining the realism of learning-based
synthesis while recovering some of the transparency and editability that are natural in

graphics.

1.1 Motivation

Recent generative models achieve impressive perceptual quality, but fine-grained control

over specific attributes remains challenging due to three fundamental limitations:

e Feature entanglement and identity preservation. Latent representations often
mix pose, expression, texture, illumination, and identity [71, 91, 181]. As a result,

changing one attribute can unintentionally modify others.

e Weak physical interpretability. Standard RGB generation does not expose the
intermediate variables that are needed for relighting, material editing, or viewpoint
control. This makes physically meaningful editing difficult even when the generated

image looks realistic.

e Limited supervision for controllable editing. Many desired editing operations
lack paired training data. Controllable generation must therefore rely on weaker
forms of supervision, including reconstruction objectives, decomposition constraints,

or learned intermediate representations that make the desired factors easier to isolate.

This thesis addresses these challenges through a staged progression. Chapter 3 studies

fine-grained control inside an existing generator. Chapter 4 learns a rendering function for
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real-world relighting. Chapters 5 and 6 then integrate decomposed rendering into 2D and
3D generative pipelines. The overall direction is therefore not a single all-in-one system,
but a sequence of steps toward editable, physically informed generative models.

This progression matters because not all forms of control place the same demands
on a model. Prompting a text-to-image model with the word “red” is a form of control,
but it is not the same as requiring a portrait to preserve identity under pose changes, or
requiring a relit result to remain consistent with the same material and geometry under a
new environment map. The thesis therefore treats controllability as a hierarchy. At the
weaker end, the user nudges the output distribution toward a semantic attribute. At the
stronger end, the user intervenes on a meaningful variable while expecting the rest of the
scene to remain stable. The methods developed later in the thesis target this stronger
notion.

The motivation is also practical. Many applications do not require unrestricted image
synthesis; they require dependable editing under constraints. Portrait editing for media
production, digital humans, relighting, avatar creation, and content authoring all involve
variables that users expect to manipulate separately. This is also why the thesis repeatedly
returns to portrait data. Faces provide a demanding test case because identity, expression,
skin reflectance, and shadow placement are all visually sensitive. If a model can preserve
identity while changing pose, or preserve facial appearance while relighting under new
conditions, then the underlying representation is likely capturing meaningful structure

rather than only plausible texture.

1.2 Research Statement

The overall problem considered in this thesis can be stated as follows. Given a generative
model that produces realistic images or 3D scenes, how should the internal representation
and image-formation process be organized so that specific scene attributes can be modified
intentionally while other attributes remain stable? The emphasis here is not only on
whether a model can occasionally produce a desired edit, but on whether the representation
supports a predictable correspondence between user intent, intermediate variables, and
output appearance.

In current generative models, final RGB appearance is often predicted directly while
many important control variables remain implicit. This coupling makes targeted editing
difficult, especially when the desired change should preserve other properties of the scene.
For example, a user may wish to change pose while preserving identity, relight a face
while preserving material appearance, or alter viewpoint while preserving both content and
illumination structure. This problem sits at the intersection of two traditions that have

historically emphasised different priorities. Statistical generative modeling aims to fit rich
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data distributions and synthesise realistic samples, often tolerating substantial internal
entanglement as long as perceptual quality remains high. Computer graphics, by contrast,
is built around explicit scene variables and deterministic rendering rules, even when the
scene itself must be estimated from data. This thesis does not argue that one tradition
should replace the other. Instead, it treats them as complementary: learned generative
priors are valuable because they capture realism beyond hand-crafted graphics models,
while rendering structure is valuable because it makes editing and reasoning possible.

This thesis therefore studies how ideas from rendering can be used to make generative
models more editable while still preserving the flexibility of learned synthesis. The research
strategy of this thesis is divided into three stages. First, study how content controllability
can be introduced into a generative model at the representation level. Second, study
how a physics-based shading process can be learned for real-world data. Third, integrate
explicit rendering components into generative pipelines so that content, illumination, and
viewpoint can be controlled more directly through corresponding modules. The resulting
chapters therefore form a progression from controllable latent manipulation, through learned
rendering, to decomposed 2D and 3D generation.

At the thesis level, this strategy can be understood as a move from implicit control
to explicit control. Early in the thesis, control is recovered from a pretrained generator
by identifying where interventions should enter its internal representation. Later, the
image-formation process itself becomes an explicit, trainable module. In the final stage,
generation is reorganized so that the model predicts structured intermediate representations

before rendering the final output.

1.3 Research Questions
These stages are formalised by the following research questions:

e RQ1: How can latent or intermediate representations in generative models be used

to achieve fine-grained control over synthesized content?
— RQ1.1: Which parts of a generator control global and local attributes of the
synthesized result?

— RQ1.2: Can such control be made explicit enough to support later integration

with rendering-based editing?

e RQ2: How can the shading process be learned for real-world images so that illumi-

nation becomes an explicit and controllable component?

— RQ2.1: How should material, geometry, and illumination be represented for

neural deferred rendering?



1.4. CONTRIBUTIONS 5

— RQ2.2: Can a learned shading model generalise across real and synthetic

domains well enough to support later generative use?

e RQ3: How can rendering-aware intermediate representations be integrated into

generative models to produce editable 2D and 3D outputs?

— RQ3.1: How should content generation and image formation be separated in a

text-to-image generative pipeline?

— RQ3.2: Can a 3D Gaussian representation be combined with deferred shading

to support controllable material, illumination, and viewpoint editing?

1.4 Contributions

The thesis makes four main contributions.

e Fine-grained control in a style-based generator. Chapter 3 studies how different
parts of StyleGAN contribute to controllable synthesis and introduces generative
fields as an analysis tool for channel-wise control. Based on this analysis, it develops

a reference-guided editing method for pose and expression control.

e A learned rendering pipeline for real-world relighting. Chapter 4 introduces
a physics-based neural deferred shading framework that predicts photorealistic shad-
ing from estimated material, geometry, and illumination cues. It also introduces

FFHQ256-PBR to support training and evaluation in the facial domain.

¢ Rendering-aware text-to-image generation. Chapter 5 proposes ShadingFusion,
a two-stage pipeline that generates decomposed material representations from text
and renders them with a neural shader, enabling more explicit control over material

and illumination than direct RGB synthesis.

e Rendering-aware 3D generative synthesis. Chapter 6 extends the same principle
to 3D Gaussian splatting by introducing a pipeline that predicts editable 3D repre-
sentations together with material and illumination components, allowing relightable

3D generation from text or image conditions.

1.5 Thesis Outline

The remainder of this thesis is organised as follows. Although the chapters address different
technical settings, they are intended to be read as a connected progression rather than

as isolated projects. The thesis begins by clarifying the background needed to discuss
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controllable generation and rendering-aware modeling. It then moves from controllability
within an existing image generator, to learned shading for real-world relighting, and finally
to 2D and 3D generative pipelines in which rendering is treated as an explicit part of the
synthesis process. The outline below therefore serves not only as a chapter guide, but also

as a map of how the overall argument develops.

e Chapter 2 reviews the literature needed to support the thesis, with particular emphasis
on controllable generation, rendering, inverse rendering, and related decomposition
methods. Rather than serving as a general introduction to machine learning, it
selectively introduces the probabilistic, generative, and graphics concepts that are
used later in the thesis, thereby establishing the conceptual link between latent-
variable generation and explicit image formation. The chapter first summarizes
only those probability and learning concepts that recur later, such as conditional
generation, latent variables, and task-dependent evaluation metrics. It then reviews
the main generative model families used throughout the thesis, including VAEs,
GANSs, flow-based models, and diffusion models, focusing on the representational
properties that matter for controllability. Finally, it surveys rendering, inverse
rendering, deferred shading, and 3D reconstruction, which together provide the
graphics foundation for the later chapters. The role of Chapter 2 is therefore to
narrow the background to the concepts that the thesis relies on, while also making
clear why controllable generation and rendering should be studied together rather

than as separate topics.

e Chapter 3 addresses RQ1 by analysing controllability inside StyleGAN and proposing
a reference-guided editing framework for pose and expression control. It introduces
the notion of generative fields to characterize the spatial scale influenced by different
generator layers, and uses this analysis to explain where control should be injected in
style space to preserve identity while transferring pose and expression. The practical
task studied in this chapter is reference-guided face editing: given a generated
identity image and a reference image providing pose and expression cues, the goal is
to produce an output that preserves identity while following the reference attributes.
The chapter therefore combines two contributions. The first is analytical: it develops
a quantitative account of how different layers in StyleGAN correspond to different
scales of image control. The second is methodological: it uses this analysis to build
a style-space editing pipeline that injects control signals at appropriate locations.
The experiments then examine both editing quality and the sparsity of the control
signal, showing how latent controllability can be made more interpretable when the

generator is studied at the level of intermediate representations.

e Chapter 4 addresses RQ2 by introducing a physics-based neural deferred shading
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pipeline for controllable relighting of real-world images and by establishing the
rendering component used later in the thesis. The chapter formulates relighting as a
scene-agnostic neural shading problem, constructs the FFHQ256-PBR dataset with
estimated material and illumination attributes, and studies how a learned shader can
map G-buffer representations to photorealistic appearance under novel environment
lighting. More specifically, the chapter asks whether the shading process can be
learned directly from estimated material, geometry, and illumination cues, even when
those cues are noisy and are not produced under ideal graphics assumptions. To
answer that question, it develops a two-stage neural shader consisting of a physics-
informed deferred shading model and a learned shadow estimator, and trains the
system on large-scale estimated supervision. This chapter is important not only
because it addresses relighting in its own right, but also because it establishes the
rendering formulation reused in the later generative chapters. In other words, Chapter
4 provides the bridge from latent controllability toward rendering-aware generation by

showing that shading can itself be learned as an explicit and controllable component.

Chapter 5 addresses the 2D part of RQ3 by combining diffusion-based generation
with decomposed material prediction and neural rendering for controllable text-to-
image synthesis. It introduces ShadingFusion, a rendering-aware diffusion pipeline
built around a multi-head VAE decoder, a text-conditioned latent denoiser, and
a neural shader, together with a dataset construction pipeline that pairs portrait
images with estimated PBR attributes and structured text descriptions for relightable
generation. The central idea of this chapter is that a text-to-image model should
not be asked to predict only final RGB appearance if the desired goal is later
editing under new lighting. Instead, the model is redesigned so that generation
and rendering are separated: the diffusion backbone predicts decomposed material
representations, and a dedicated renderer produces the final image under specified
illumination. To support that design, the chapter introduces CelebA-PBR-Text, a
dataset that combines portrait images, estimated inverse-rendering outputs, and
structured prompt information collected through an MLLM-based pipeline. The
chapter then evaluates generation, relighting, and ablation settings, showing that
rendering-aware decomposition can improve editability while remaining competitive
in perceptual image quality. In the thesis as a whole, Chapter 5 is the first point at

which the rendering component is integrated directly into a generative model.

Chapter 6 addresses the 3D part of RQ3 by integrating 3D Gaussian splatting
with deferred shading to support controllable generation, relighting, and viewpoint
manipulation. Building on a generative Gaussian-splatting backbone, it introduces

material and illumination estimation heads together with a physics-based Gaussian
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deferred renderer, so that the generated 3D scene can be decomposed into editable
geometry, material, and lighting components. Relative to Chapter 5, the key change
here is that the problem is no longer limited to a single relightable image plane;
instead, the objective is to synthesize a view-consistent 3D scene that can be rendered
from novel viewpoints under changed illumination. The chapter therefore decomposes
the pipeline into three stages: Gaussian scene generation, scene-level material and
illumination estimation, and deferred rendering with direct and indirect lighting. It
evaluates both text-conditioned and image-conditioned generation, and also examines
relighting of the resulting decomposed scenes. This chapter represents the most
complete version of the thesis argument, because it combines generative modeling,
decomposition, rendering, and post-generation editability within one explicit 3D

representation.

e Chapter 7 summarises the contributions of the thesis, revisits the research questions,
discusses limitations, and outlines directions for future work. It also reflects on the
broader thesis argument that controllability improves when generation and rendering
are separated more explicitly, and identifies the remaining challenges in extending
this principle to richer scenes and more general settings. Rather than functioning
only as a summary, the chapter brings together the four technical contributions and
evaluates them against the thesis-level claims made in the introduction. It discusses
what has been achieved at the levels of latent controllability, learned shading, 2D
rendering-aware generation, and 3D editable synthesis, and it makes explicit the
limitations that remain in each setting. The chapter finally outlines several directions
for future work, including stronger real-world material modeling, more complex scenes,
real-time performance, and richer user-facing editing interfaces. In this sense, Chapter
7 closes the thesis by returning from the individual methods to the broader question

of how explicit rendering structure can improve controllable generative models.

1.6 Publications

The work presented in this thesis relates to the following works. First is the peer-reviewed

publication while the second represents papers that are under review:

1. He, Z., Henderson, P., Pugeault, N. (2026). Beyond Reconstruction: A Physics Based
Neural Deferred Shader for Photo-Realistic Rendering. Artificial Neural Networks
and Machine Learning — ICANN 2025, 378-389. Springer Nature Switzerland.

In addition to the publications listed above, the following enumerated list represents

papers that are under peer-review:
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1. He, Z., Henderson, P., Pugeault, N. (2025). Generative Fields: Uncovering Hi-
erarchical Feature Control for StyleGAN via Inverted Receptive Fields In ArXiv
Preprint.

2. He, Z., Henderson, P., Pugeault, N. (2023). ShadingFusion: Decomposing Diffusion
Models for Physically-Grounded Image Synthesis and Relighting. In ArXiv Preprint.

3. He, Z., Henderson, P., Pugeault, N. (2025). Diff GSPBR: physics-Based Rendering of
Generative Gaussian Splats for Decomposed 3D Synthesis. In ArXiv Preprint.



10

CHAPTER 1. INTRODUCTION



Chapter 2

Background

2.1 Introduction

This chapter reviews the background that is directly needed by the thesis. It is not intended
to be a general introduction to machine learning or probability theory; rather, it highlights
the concepts and areas of prior work that are most relevant to controllable generation,
neural rendering, relighting, and decomposed 2D and 3D synthesis. In particular, the
later chapters rely on three strands of background: selected probabilistic concepts used
in generative modeling, the main families of deep generative models, and rendering and

reconstruction methods from computer graphics.

1. Section 2.2 summarises selected probability and learning concepts that are directly
used later in the thesis. These summaries are intentionally selective and are included

only where they support the notation or methodological choices of later chapters.

2. Section 2.3 reviews the main families of deep generative models used throughout the
thesis, with emphasis on the representational and training properties that matter for

controllability.

3. Section 2.4 reviews rendering, inverse rendering, deferred shading, and reconstruction

methods that motivate the rendering-aware contributions in later chapters.

2.2 Selected Probability and Learning Concepts

This section briefly reviews the concepts from probability and learning theory that recur in
later chapters. The presentation is intentionally selective: it is not meant to cover the full
scope of these subjects, but only the parts that are repeatedly used in the formulation of

generative models, neural rendering losses, and evaluation protocols.

11
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2.2.1 Probability, Conditioning, and Latent Variables

Generative models aim to represent a data distribution p(z), or a conditional distribution
p(z | ¢) when external control signals are provided. The distinction between joint, marginal,
and conditional distributions is therefore central to this thesis. In particular, the later
chapters rely on conditional generation, where the output must depend on structured
inputs such as pose, text, material cues, or lighting.

Latent-variable models additionally introduce hidden variables z and factorise the joint

distribution as
p(z,2) = p(x | 2) p(z).
This perspective is especially relevant for variational autoencoders, diffusion models oper-

ating in latent space, and style-based generators whose intermediate representations are

manipulated for controllability.

Gaussian distributions. Gaussian distributions play a central role in modern generative

modeling. A univariate Gaussian is written as

p(z | p,0%) = 21  exp (—M)

T 202

and its multivariate form extends naturally to vectors with covariance structure. In later
chapters, Gaussian priors and Gaussian noise appear in VAE latent spaces, diffusion forward

processes, and sampling procedures.

2.2.2 Entropy and Divergence

The thesis uses only a small subset of information-theoretic concepts. The most relevant

one is Shannon entropy, which measures uncertainty in a distribution:

H(X) = =3 Play) log P(x).
i=1
Rather than surveying information theory broadly, the main practical need here is to

motivate divergence measures used in training and analysis.

Kullback-Leibler divergence. The Kullback-Leibler divergence between distributions
P and Q) is

P(x)
Qx)

It appears directly in the VAE objective and more generally measures how one distribution

DL(P||Q) =) P(x) log

differs from another.
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Other divergence families. Beyond KL divergence, later discussion occasionally refers
to Jensen-Shannon, Wasserstein, or related discrepancy measures. These are relevant
because different generative models optimise different statistical objectives, which affects

both training behaviour and controllability.

2.2.3 Learning Setup, Model Families, and Metrics

The methods in this thesis use a mixture of supervised, self-supervised, and weakly
supervised learning. For that reason, only a limited subset of standard machine learning

concepts needs to be stated explicitly here.

Prediction heads and activation functions. Simple linear prediction can be written
as
. T

with parameters @ € R? and bias b € R. In classification settings, the output may then be

passed through a link function such as the sigmoid

or the softmax
es

= —Z]k\[:1 .

These equations are included only as standard examples of output heads, not as an

softmax(z);

exhaustive description of classifier design.

Evaluation metrics. Likewise, classification metrics such as precision, recall, and Fj
are included as standard examples for supervised prediction tasks, while regression or
reconstruction metrics such as MSE, PSNR, and SSIM are included because they recur
in later experiments. Their appearance here should be read as task-dependent examples

rather than as a universal metric taxonomy for machine learning.

Neural architectures. The later chapters rely mainly on three classes of neural modules:
MLPs for point-wise or per-sample prediction, CNNs for spatial feature extraction and
decoding, and transformer-style attention blocks for global context aggregation. Back-
propagation and gradient-based optimisation remain the standard training mechanism

throughout the thesis and are assumed in the descriptions of all later methods.
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2.2.4 Conditioning, Supervision, and Controllability

Because this thesis is concerned with controllable generation rather than unconditional
sampling alone, it is useful to distinguish several ways in which a model may be conditioned.
The most direct case is explicit conditional generation, where the model is trained to
represent a distribution p(x | ¢) and the condition ¢ is given in a structured form such as
text, pose, geometry, or lighting. This is the setting used by many conditional GANs and
text-conditioned diffusion models.

However, useful control can also be recovered from the internal representation of a
pretrained model. Style-based generators, for example, expose intermediate spaces whose
channels can be manipulated after training |71, 162|. This distinction matters for the
thesis because Chapter 3 relies on post hoc analysis of internal representations, whereas
Chapters 5 and 6 rely more heavily on explicit conditioning and structured prediction
heads.

Conditioning alone does not guarantee selective control. A model may respond to a
condition while still entangling the requested factor with many others. The thesis therefore
treats controllability as stronger than mere conditional dependence: the intended factor
should change when asked, while unrelated factors remain stable within the limits of
the task. This idea is related to disentanglement, but more practical in scope. Rather
than requiring a fully factorised latent space, many useful systems aim for task-aligned
disentanglement, where only the factors needed for editing are separated clearly enough to
be manipulated.

Supervision strategy is central to whether such control can be learned. Fully supervised
labels are often unavailable for physical attributes such as roughness, environment lighting,
or scene structure. The methods in this thesis therefore combine paired image constraints,
estimated inverse-rendering attributes, reconstruction objectives, and explicit rendering
interfaces. This also motivates a final distinction between conditioning signals and control
interfaces. A model may consume rich conditions internally, but only some of them remain
meaningful and editable after training. The later chapters repeatedly favour representations
such as albedo maps, G-buffers, or scene-level illumination codes because they can function

as reusable interfaces rather than hidden pathways.

2.2.5 Loss Design and Multi-criteria Evaluation

The learning problems studied in this thesis rarely optimise a single objective. A model may
need to reconstruct images, preserve identity, match a target distribution, remain plausible
under relighting, and expose intermediate variables that can still be edited afterward.
These requirements are only partially aligned, so training often combines several losses

that each proxy a different aspect of the desired behaviour.
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Pixel-wise losses such as MSE or L; distance help stabilise dense prediction, but by
themselves they often favour overly smooth outputs. Perceptual or adversarial objectives
improve realism, yet they may encourage shortcuts that weaken the intended decomposition.
Distributional metrics such as FID are informative about sample quality at the set level, but
they say little about whether an edit preserves identity or whether a relighting operation
behaves consistently. The background lesson is therefore simple: evaluation must follow
the representation. If a method exposes geometry, material, and illumination explicitly,
then those variables should also be evaluated through downstream manipulation rather
than only through final RGB quality.

This multi-criteria setting also changes how ablations should be interpreted. Removing
a rendering branch, weakening the conditioning interface, or replacing a structured head
with direct RGB prediction may improve one metric while damaging controllability. In the
later chapters, ablations are therefore used not only to compare components, but also to

test where the control signal actually resides in the pipeline.

2.3 Statistical Generative Models

Generative modeling seeks to learn a distribution over high-dimensional data such as images
or 3D scenes and to sample novel instances from that distribution. For the purposes of
this thesis, the most relevant model families are those that expose useful intermediate
representations, support controllable conditioning, or can be integrated with rendering-
aware structure. We therefore review four representative classes: variational autoencoders,

generative adversarial networks, flow-based models, and diffusion models.

2.3.1 Variational Autoencoders

Variational Autoencoders (VAEs) [80] posit a latent variable model

po(x,2) = po(x | 2) p(2),

where z € R? is drawn from a simple prior p(z) (typically N'(0,1)). Exact maximum-
likelihood estimation maxg log py() is intractable due to the integral log ps(z) = log [ pe(z |
2)p(z) dz. Instead, VAEs introduce an approximate posterior g4(z | z) (the encoder) and
optimize the Evidence Lower Bound (ELBO):

Leo(0,¢; ) = E.oq, iy llog pe(z | 2)] — Dxr(gs(z | 2) || p(2))-

The first term encourages reconstruction accuracy, while the KL term regularizes ¢, toward

the prior. To enable gradient-based learning through the stochastic sampling of z, one uses
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the reparameterization trick:
z = py(x) + op(x) ©€, €~ N(0,1),

so that gradients w.r.t. ¢ back-propagate through (4, 04. After training, new samples are
generated by sampling z ~ p(z) and decoding via pg(x | 2).

2.3.2 Generative Adversarial Networks

Generative Adversarial Networks (GANSs) [36] formulate generation as a two-player minimax
game between a generator Gy(z) and a discriminator Dy (z). The generator transforms
noise z ~ p(z) into synthetic data Gy(z), while the discriminator outputs Dy (x) € (0, 1),

the estimated probability that x is real. The adversarial objective is
mein max V(0,¢) = Epopy, [l0g Dy ()] 4 Eoopiay [log (1 — Dy (Go(2)))]-

At the Nash equilibrium, Gy reproduces the data distribution exactly, and Dy(z) = % In
practice, one alternates gradient-descent steps on ¢ (to improve discrimination) and on 6
(to better fool D). Numerous variants address instability (e.g., Wasserstein GANs [3|) by

replacing the loss or adding gradient penalties.

2.3.3 Flow-based Models

Flow-based models [126] learn an explicit density via a sequence of invertible, differentiable

transformations f;. Starting from zy ~ p(zp) (often Gaussian), one sets
Zi:fi(zi—l), i:l,...,K, T = Zk.

By the change-of-variables formula,

K
log px (z) = logpz(z0) — Y 10g‘det .

=1

Provided each f; has a tractable Jacobian determinant (e.g., coupling layers in RealNVP
[25]), one can maximize logpx(z) exactly via gradient descent. Sampling is equally

straightforward: draw zo and apply the forward flow.
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2.3.4 Diffusion Models

Diffusion models [143, 52| define generation as the reversal of a fixed forward noising

process. The forward diffusion slowly corrupts data zg ~ pgata With Gaussian noise:

Q<xt‘xt71):~/\/<xt;Vl_ﬁtxtflvﬂtl)7 tzl?"'7T7

where {f,;} is a schedule of variances. The reverse process is parameterized by a neural

network eg(xy,t) predicting the noise component, yielding

po(ith ’ l’t) = N(iUtA; ﬁ(fﬂt - B Ee(ﬂft,t))a Bt[)'

Training minimizes a simple mean-squared error between true noise and ¢y:

EIO,E,t[He . ea@t,wﬂ

Sampling begins at 7 ~ N (0, ) and iteratively applies the learned reverse transitions
to produce a clean sample x,. Diffusion models have achieved state-of-the-art fidelity in

high-resolution image synthesis and 3D generative tasks.

Latent Diffusion and Stable Diffusion

While the above describes pixel-space diffusion, latent diffusion models perform the diffusion
process in a lower-dimensional latent space, yielding substantial efficiency gains. Stable

Diffusion [128] first encodes an image = with a pretrained variational autoencoder (VAE):

where E and D are the VAE’s encoder and decoder. The forward and reverse noising
processes then operate on z € R? rather than on pixels. A U-Net €(z;, 1, ¢) predicts noise
conditioned on textual embeddings ¢ (e.g., from a CLIP or transformer text encoder). The

training loss becomes
2
]Ezo,e,t,c |:H€ - 69(2157 ta C) || ] 9

where z; = \/a; 20 + /1 — @z €. At sampling time, one draws z7 ~ N (0, I) and iteratively
applies the reverse transitions to obtain zp, then decodes x = D(zy). Conditioning on ¢ via

cross-attention layers enables fine-grained control over the generated content.

This latent formulation drastically reduces memory and compute requirements compared

to pixel-space diffusion, enabling high-resolution synthesis during inference.
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2.3.5 Controllability in Generative Models

The model families above differ not only in likelihood formulation or sampling procedure,
but also in the kinds of control interfaces they naturally support. This is particularly
important for the present thesis because controllability is not treated as an optional add-on.
It is one of the main criteria by which a generative representation is judged.

In VAESs, control is often introduced through structured latent variables, conditional
priors, or disentangling regularizers. Their encoder-decoder structure makes them attractive
when one wants an explicit bottleneck that can be interpreted or manipulated, but the
same bottleneck can also limit fidelity if it is too restrictive. GANs historically offered
stronger image quality, and much work on controllability therefore focused on latent
traversals, factorised latent spaces, attribute conditioning, and later style-based intermediate
spaces [16, 71, 162]. A key lesson from that literature is that good controllability often
depends less on the nominal model family than on where the controllable variable enters the
synthesis process. Intervening at a global latent vector can yield coarse semantic change,
whereas intervening in intermediate layers may support finer local control.

Flow-based models are less prominent in the later chapters of this thesis, but they remain
conceptually relevant because they highlight an alternative ideal: exact invertibility between
data and latent variables. In principle, invertibility is attractive for editing because every
sample has a well-defined representation in latent space and vice versa. In practice, however,
the restrictions needed for tractable Jacobians may limit the representational flexibility
needed for large-scale image synthesis. Their importance here is mainly pedagogical: they
clarify that explicit invertibility alone does not solve controllability unless the latent axes
correspond to meaningful factors.

Diffusion models changed the control landscape substantially because they made it
natural to condition synthesis on rich signals such as text, sketches, masks, depth maps,
normals, or adapter features. In modern text-to-image systems, conditioning is often
injected repeatedly through cross-attention or additional control branches, allowing the
same backbone to be steered in many ways [132, 128, 184]. This flexibility is one reason
diffusion models are central to Chapter 5 and part of the motivation for Chapter 6. Yet
diffusion models also illustrate the difference between control and dependency. A model
can be highly responsive to prompts and still fail to preserve identity, geometry, or material
properties under targeted edits.

From the perspective of this thesis, controllability depends on three representation
choices. First, there is the choice of where control enters: at the input, in the latent
space, at intermediate feature maps, or at an explicit rendering stage. Second, there is the
choice of what the control variable represents: semantic category, text, geometry, material,
illumination, viewpoint, or some learned factor with only partial interpretation. Third,

there is the choice of how strongly the rest of the pipeline is constrained to respect that
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variable. An attribute that enters only as a weak conditioning signal may not survive the
rest of the synthesis process if the model can explain the data more easily by entangling it
with other factors.

These observations motivate a distinction between semantic controllability and structural
controllability. Semantic controllability refers to the ability to steer the output toward a
concept recognizable to humans, such as “smiling,” “wearing glasses,” or “studio lighting.”
Structural controllability refers to the ability to operate on a variable that participates in a
larger image-formation model and therefore has predictable consequences when edited. The
thesis increasingly shifts from the first to the second notion. Chapter 3 still operates near
semantic controllability, because pose and expression are manipulated inside a style-based
generator. Chapters 4-6 progressively move toward structural controllability by making
geometry, material, illumination, and viewpoint explicit parts of the generation pipeline.

The literature also reveals a recurring trade-off between end-to-end flexibility and
reusable intermediate structure. A direct conditional model can often learn very strong
one-shot mappings from condition to image, especially when the condition and target
distribution are tightly aligned. However, such models may offer limited reuse after
inference: once the final RGB output is produced, the internal factors that generated it
are not accessible for further editing. Rendering-aware and decomposition-aware models
sacrifice some of this directness in order to create representations that remain useful
after generation. This trade-off is central to the thesis and explains why later chapters
repeatedly compare modular structured pipelines against stronger but less interpretable
direct baselines.

Finally, controllability should be understood as a property of the whole pipeline rather
than of the generator alone. A model may contain an apparently interpretable latent space,
but if the decoder or renderer downstream amplifies entanglement, the final user-facing
control remains weak. Conversely, a model may rely on a high-capacity generator internally
yet still offer strong control if the interface between generation and rendering is well
structured. This pipeline-level view is especially important for Chapters 5 and 6, where the
practical control interface is not a single latent vector but the combination of decomposition

heads, illumination controls, and rendering modules.

2.4 Rendering and Reconstruction

In this section, we review the core techniques in computer graphics that underpin our neural
rendering pipeline: classical rendering via the rendering equation, differentiable rendering
for gradient-based inverse problems, inverse rendering for scene parameter estimation,
deferred shading for real-time rendering, and 3D reconstruction for recovering geometry

from images.
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The Rendering Equation. Physics-based rendering is founded on the rendering equation

[64], which expresses the outgoing radiance L, at a point x in direction w, as

Lo<x7wo) = Le(xawo) + / fr(xawiawo) Li(mawi> <n7wi> dwi;
Q

where L. is emitted radiance, L; is incoming radiance from direction wj;, f, is the bidirectional
reflectance distribution function (BRDF), n is the surface normal, and (n,w;) is the cosine
term. Monte Carlo integration approximates this integral via random sampling of light
directions [119].

Differentiable Rendering. Differentiable renderers compute gradients of rendered
images with respect to scene parameters 6 (geometry, materials, lighting), enabling op-
timization via backpropagation. Early work such as OpenDR [102| and the MitsubaDR
wrapper [88] propagate derivatives through rasterization and Monte Carlo estimators.
More recent neural approaches approximate visibility and shading derivatives through soft

rasterization [101] or explicit derivative computations in ray tracing [87].

Inverse Rendering. Inverse rendering seeks to recover scene attributes 6 from one or

more images /. Formulated as
0 = argmin | R(O) — TP + R(6),

where R(0) is a differentiable renderer and R encodes priors (e.g., smoothness). Classical
methods estimate reflectance and geometry separately |21, 124], while recent deep inverse

renderers jointly learn both via neural networks and differentiable ray marchers [134, 7].

Deferred Shading. Deferred shading [22, 12| decouples geometry and lighting by first
rendering a G-buffer containing per-pixel attributes (normals, albedo, depth) and then

performing lighting in screen space:
Lo(p) = Z fr (n;n Wi—p, wo) L V(p> l) <np7 wl—)p>7
!

for each light [, where V' is visibility. Deferred methods allow many lights at low cost and

facilitate neural augmentations on G-buffers [85].

3D Reconstruction. Recovering geometry from images includes multi-view stereo (MVS)
and more recent neural methods. Classical MVS [31] aligns depth maps via photometric
consistency. Neural Radiance Fields (NeRF) [109] parameterize a continuous volumetric

scene by an MLP Fy(x,d) that predicts density and view-dependent color, rendering images
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via differentiable volume rendering:

C(r) = /t / T(t) o(x(t)) e(x(t), d) dt, T(t)zexp(— /t tcr(x(s))ds).

NeRF variants extend this to dynamic scenes, unbounded domains, and fast neural splatting
[75].

2.4.1 Intrinsic Decomposition and Relighting

The rendering and reconstruction topics above become especially relevant when the goal
is not only to reproduce an observed image, but to change the illumination or material
conditions after inference. In such cases, one often needs some form of intrinsic decomposi-
tion: an estimate of which parts of image appearance should be attributed to reflectance,
shading, geometry, normals, roughness, metallicity, or lighting. Classical intrinsic image
decomposition usually focused on separating reflectance from shading, but more recent work
extends this idea toward richer physically based attributes and learned inverse-rendering
pipelines [106, 92, 134].

This decomposition problem is difficult because the image formation process is funda-
mentally ambiguous. Different combinations of illumination, material, and geometry can
produce very similar RGB observations. A perfectly white surface under colored lighting
may resemble a colored surface under neutral lighting; a specular highlight can arise from
material or environment changes; small geometry errors can be compensated by texture
or shading changes in image space. These ambiguities explain why direct prediction of
physical attributes from a single image is often noisy and why many practical systems
combine data-driven priors with rendering constraints rather than relying on analytic
inversion alone.

For controllable synthesis, however, imperfect decomposition can still be useful if it
exposes the right kind of structure. The later chapters of this thesis do not require a
universally correct inverse-rendering solution for every pixel. Instead, they require a
decomposition that is stable enough to support meaningful downstream relighting and
editing. This is one reason why the thesis repeatedly relies on G-buffer-like channels and
PBR-inspired attributes. Even when those estimates are imperfect, they provide a more
actionable interface than an opaque latent code because they can be perturbed in ways
that correspond to lighting or material operations.

Relighting methods illustrate this point clearly. If the goal is to produce a single
visually plausible relit image, an end-to-end conditional model may perform well without
ever exposing explicit geometry or material maps. But if the goal is to support repeated
edits, analysis of failure cases, or integration with later rendering modules, then explicit

decomposition becomes far more valuable. The user can inspect whether the albedo
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estimate is plausible, whether normals drift across facial regions, or whether lighting
changes behave consistently under repeated operations. In other words, decomposition is
not only a means toward better rendering; it is also a diagnostic tool for controllability.

This diagnostic role has become more prominent in recent rendering-aware generative
systems. Methods such as RGB<X treat material and lighting channels not merely as
intermediate supervision targets but as reusable variables for downstream synthesis [179].
Likewise, unified inverse-and-forward rendering systems show that even noisy estimated
attributes can still define a useful control space when coupled with a sufficiently strong
learned renderer [93]. These developments reinforce a central thesis claim: the value of an
intrinsic representation lies not only in whether it is physically exact, but in whether it
supports reliable editing and rendering operations afterward.

From a methodological perspective, intrinsic decomposition also changes the nature of
the training signal. Instead of comparing only final RGB outputs, one can supervise or
regularize intermediate maps, constrain them through synthetic renderings, and examine
how errors propagate through a renderer. This is important for the later chapters because
the proposed methods frequently use estimated inverse-rendering outputs to bootstrap new
generative pipelines. The decomposition is therefore both a source of supervision and a

target of control.

2.4.2 Scene Representations for Editable 3D Generation

The 3D part of this thesis requires one further layer of background: the choice of scene
representation. A representation suitable for controllable 3D generation must do more
than render one plausible image. It should remain coherent across viewpoints, admit
efficient optimisation or generation, and expose parameters that can be linked to geometry,
material, and illumination. Different 3D representations satisfy these requirements to
different degrees.

Classical graphics pipelines often represent a scene explicitly through meshes, textures,
material parameters, and lights. These are highly editable, but difficult to infer automat-
ically from sparse images or text prompts. Neural radiance fields relaxed some of these
constraints by representing a scene implicitly through a continuous volumetric function,
enabling remarkable view synthesis from photographs [109]. Yet the same implicitness
that gives NeRF its flexibility also makes direct post hoc editing challenging. Geometry,
appearance, and view-dependent effects are often entangled inside a shared radiance field,
and rendering requires expensive sampling along rays.

The emergence of 3D Gaussian splatting changed this landscape by offering a repre-
sentation that is both differentiable and more explicit at the scene-primitive level [75]. A
Gaussian-based scene consists of a collection of primitives with location, covariance, opacity,

and color or feature attributes. Compared with dense volumetric rendering, Gaussian
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splats can be rendered efficiently and support direct manipulation of scene primitives. This
makes them attractive not only for view synthesis but also for editable 3D generation,
where efficiency and local control both matter.

However, a Gaussian scene becomes truly useful for controllable rendering only when
appearance is decomposed beyond static color. Recent work therefore augments Gaussian
splatting with shading functions, inverse-rendering objectives, or deferred rendering stages
that separate geometry, visibility, and material effects [160, 15]. These developments are
directly relevant to Chapter 6 because they show that Gaussian representations can serve
as more than fast radiance fields. They can also become carriers of editable physical
attributes such as normals, BRDF parameters, or relightable appearance codes.

The relevance to generative modeling is twofold. First, Gaussian representations
are compatible with modern 3D generative backbones, which increasingly learn scene
structure from 2D diffusion priors, multi-view consistency objectives, or direct Gaussian
synthesis [148|. Second, they provide a practical midpoint between fully implicit radiance
fields and fully explicit graphics assets. A Gaussian scene can be generated from learned
priors, rendered efficiently, and then edited through explicit scene-level attributes. This
combination aligns closely with the thesis goal of separating content generation from image
formation without giving up generative flexibility.

From the perspective of controllability, the main advantage of these newer 3D scene
representations is that they make viewpoint change and lighting change part of the same
problem rather than separate post-processing steps. If a 3D representation stores only
appearance from a limited set of views, then relighting or material editing becomes ill
posed. If it stores geometry and material information more explicitly, then a rendering
layer can recompute appearance under new conditions in a way that is at least partially
constrained by scene structure. This is precisely the direction taken in the later thesis
chapters: Chapter 5 introduces decomposition in image space, while Chapter 6 moves the
same principle into a scene representation that remains valid under novel views.

The broader background lesson is that representation choice determines not only
rendering quality but the type of control a model can support. Meshes favour explicit
surface editing but are hard to infer; radiance fields favour fidelity but may hide controllable
factors; Gaussian splats offer an intermediate level of explicitness with efficient rendering.
The thesis builds on this emerging middle ground because it offers a realistic path toward

editable 3D generation with physically meaningful intermediate variables.

2.4.3 Recent Rendering-aware Generative Models

Recent work has begun to connect three areas that were often treated separately in earlier
literature: inverse rendering, forward rendering, and generative image synthesis. A common

theme in these systems is that physically meaningful intermediate channels such as albedo,
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roughness, normals, and depth are no longer viewed only as analysis outputs. Instead, they
are treated as an explicit interface between scene understanding and controllable image
synthesis. This trend is directly relevant to the present thesis because it supports the
broader claim that editable intermediate structure can improve relighting, material editing,

and compositional control without giving up the realism of learning-based generation.

RGB+X. RGB«+X [179] provides a particularly relevant bridge between graphics and
generative modeling. It formulates both RGB—X decomposition and X—RGB synthesis
inside one material-aware and lighting-aware diffusion framework. In that setting, intrinsic
channels such as albedo, roughness, metallicity, and lighting are not treated merely as
supervision targets; they are treated as controllable inputs for subsequent synthesis. This
is conceptually close to the central argument of this thesis. The main difference is scope:
RGB«+X focuses on interior scenes in the image domain, whereas the present thesis moves
from portrait relighting to portrait text-to-image generation with material decomposition

and finally to decomposed 3D generation.

DiffusionRenderer. DiffusionRenderer [93] is a representative example of a unified
inverse-and-forward rendering system built on diffusion priors. It first estimates G-buffer-
style scene attributes from real-world videos and then synthesizes photorealistic images
from those estimated attributes without explicitly simulating light transport. This matters
because it treats G-buffers as a practical control space for downstream editing and shows
that a learned renderer can still function when the scene attributes are noisy estimates
rather than artist-authored ground truth. Relative to this thesis, DiffusionRenderer is
closest in spirit to Chapter 4 and Chapter 5. The difference is that its emphasis is a
unified video-based framework, whereas the present thesis studies a staged progression from
relighting, to 2D generation with explicit decomposition, to 3D generation with explicit

decomposition.

UniRelight. UniRelight [44] explores a different point in the design space. Instead of
separating decomposition and synthesis into distinct stages, it learns albedo estimation
and relit video synthesis jointly in a single diffusion-based model. This design prioritises
end-to-end synthesis quality and temporal consistency, especially for video, by allowing the
generative model to internalise more of the decomposition problem. It is therefore a useful
contrast to the present thesis, which generally favours explicit intermediate representations
because they are easier to inspect and edit. UniRelight represents the opposite trade-off:
less modularity, but potentially stronger synthesis when the goal is one final relit result

rather than a reusable rendering representation.
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Relation to This Thesis. Taken together, these works clarify the design space in
which this thesis operates. One option is to use diffusion priors to solve inverse and
forward rendering jointly, as in DiffusionRenderer. A second is to move toward end-to-end
relighting models that internalise decomposition, as in UniRelight. A third is to make
intrinsic channels themselves the central interface for both analysis and synthesis, as in
RGB<«X. The present thesis is closest to the third option, but with a stronger emphasis
on explicit modularity and a clearer progression across problem settings.

An additional difference is methodological. In most of the recent related methods,
relighting is still treated primarily as a probabilistic image-generation or video-generation
problem: given a lighting condition and an image or latent representation, the model
samples a plausible relit result from a learned conditional distribution. In this thesis, by
contrast, relighting is modelled as a more deterministic task conditioned on explicit scene
attributes. Once material, geometry, view direction, and illumination are specified, the
desired outcome is not an arbitrary plausible sample but a constrained rendering result
implied by those conditions. This difference explains why the thesis repeatedly favours
explicit decomposition and rendering modules: they make illumination control behave more
like a reproducible graphics operation than a purely stochastic appearance transformation.

More broadly, these recent works suggest a clear shift in emphasis within the literature.
Rendering, decomposition, and synthesis are increasingly connected through editable
intermediate representations with some physical meaning. The present thesis follows the
same general direction, but studies it through a staged investigation of controllability across

latent, 2D, and 3D generative models.
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Chapter 3

Generative Fields for StyleGAN Based
Image Synthesis Control

This chapter addresses RQ1 by studying controllability inside a pre-trained StyleGAN2
generator. The practical task considered here is reference-guided face editing: given a
generated identity image and a reference image supplying pose and expression, the output
should preserve the identity of the generated face while matching the pose and expression
of the reference.

The main goal of the chapter is twofold. First, we analyse which parts of the generator
contribute to coarse and fine feature control and drawing inspiration from receptive fields
in convolutional networks, we introduce the notion of generative fields as a quantitative
way to describe the spatial scale influenced by a generator layer. Then we use that analysis
to design a more explicit editing pipeline in StyleGAN2 style space. The resulting method
is able to perform simultaneous generation and editing (SGE) during inference, without
the need for an additional adversarial loss. We evaluate the method on a reference-guided
face editing task and show that it can successfully transfer pose and expression from the
reference image while preserving identity, achieving better performance than a comparable

baseline.

3.1 Introduction

Generative adversarial networks (GANs) have become capable of synthesising highly
realistic faces, but precise control over individual attributes remains difficult. This difficulty
is especially visible in editing tasks where identity should remain stable while pose or
expression changes. In such settings, the challenge is not only to produce a plausible image,
but to decide where in the generator the control signal should act and how strongly it
should influence the result.

Existing approaches to controllable GAN editing usually operate in one of three ways.

27
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Some methods learn latent directions or trajectories that steer synthesis in a chosen
semantic direction. Others use text or other abstract conditioning signals. A third line
of work uses example images to transfer pose, expression, or style from a reference image.
These approaches can work well in practice, but they often leave the mechanism of control
implicit: the model is known to respond to a control signal, but the spatial scale and
generator location of that control are not clearly quantified.

This chapter focuses on a direct reference-guided editing setting using facial landmarks
and head pose. This form of control is more explicit than text-based guidance and is closer
to existing graphics and content-production workflows. The key hypothesis is that the
scale of the editable feature should match the scale of the generator layer receiving the
control signal. To test this idea, we introduce a quantitative notion of generative field size
and use it to analyse the relationship between generator layers, style-space modulation,
and editing performance.

Based on this analysis, we propose an image editing pipeline that directly modulates
the channel-wise style space of StyleGAN2 using a reference signal. The chapter therefore
contributes both an analysis of controllability and a concrete editing method. Its main

contributions are as follows:

1. We use the concept of generative fields, inspired by receptive fields of convolution
neural network to explain the hierarchical feature control with different fineness
levels for the input of each convolution layer within the generator and provide a

quantitative experimental analysis.

2. We analyze the principle of style space and connect it with the function of generative
fields, showing how it enables fine-grained feature control. Then we design a new
image editing pipeline for the pre-trained StyleGAN2 generator by using the style

space and demonstrate improved performance on the image editing task.

3. We further evaluate the sparse property of feature editing control in style space,
revealing that style space can be used to stack multiple control signals with different

fineness levels, in a way consistent with our generative fields analysis.

3.2 Related Work

3.2.1 Generative adversarial networks

Generative Adversarial Networks were proposed in 2014 [37], fast becoming one of the
important generative models. They are inspired by game theory: two models in which one
is generator in charge of generating the result sampling on a probabilistic distribution, the

other one discriminator is a critic model in charge of examining the generated result through



3.2. RELATED WORK 29

comparing to the input example; the two models are competing with each other during
the training process, making them simultaneously stronger. Radford et al. [123] proposed
DCGANSs importing the convolution operation into the GANs model, which decreases the
computation complexity to synthesize high-resolution images. Karras et al. [71| proposed
StyleGAN, a redesign of the generator’s structure replacing the initial input with inputs at
multiple levels of the generator network, introducing the style signal that is merged into
the intermediate generating feature maps by using AdalN [57] within each generator block.
They claimed this design can separate content and style generation processes. The quality
of StyleGAN was further improved by subsequent versions [72, 69| leading to better image
quality and training efficiency. Our model leverages the separation of content and style
generation in StyleGAN2 [69] and focuses on investigating fine-grained control of these.
We use the pre-trained StyleGAN2 as the backbone and design the auxiliary networks for
the control task, which adaptively modulate the style signal while maintaining the high

quality of image synthesis.

3.2.2 Semantic feature learning and editing

GAN-based approaches can generate high-fidelity images, but controllable editing remains
difficult because the relationship between latent codes, generator layers, and semantic
attributes is only partially understood. In an early study, Zeiler et al. [177] showed
that intermediate layers of convolutional networks respond to image features of increasing
complexity. Bau et al. [6] extended this kind of analysis to GANs and showed that generator
channels can be associated with interpretable image structures. These studies motivate
the idea that controllability may depend on where and how a control signal is injected into
the generator.

Prior editing methods include latent-direction methods [16, 125, 60], decomposition-
based approaches such as EigenGAN [48], and reference-guided image editing methods such
as IDDisen [116]. In the context of face editing, these methods are related to reenactment-
style tasks because the desired output combines identity preservation with transfer of pose
or expression from a reference. However, most of them do not explicitly quantify why a
particular latent space or layer is suitable for controlling a given scale of facial change. Our
method is closest to Nitzan et al. [116], but differs in two important ways: it operates in
StyleGAN2 style space S rather than only in W, and it uses the generative-field analysis
to justify where control should be applied.

3.2.3 Receptive fields of convolution neural networks

Receptive fields in convolution networks measure the extent to which the input signal

may affect the output [105]; this is inspired by the neuroscience notion from the human
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visual system. Le et al. [84] propose the calculation method of receptive fields, which is a
cumulative process from input image to output feature map, it can measure the receptive
scale for output features. Receptive fields are important in designing the structure of
convolution networks; for example in object detection models, the object scale should
match the appropriate receptive field size for correct feature extraction [19]. State-of-the-
art approaches such as SSD, YOLO, Faster R-CNN, etc., use anchor-based techniques
for multi-scale object detection, the position where the anchor layer should be placed
is a critical consideration for the model design due to the influence of receptive fields
[34, 188, 187, 28]. For the generative model, Jaipuria et al. [61] analyzed the receptive field
function of the GAN’s discriminator and its effect on image generation, which is similar
to normal convolution networks. In our work, we quantitatively evaluate the influence
between inverted receptive fields and feature editing results, disclosing the high relevance
between the injected control signal position and the fineness level control in synthesized

results.

3.3 Method

3.3.1 Task Definition

The task studied in this chapter is reference-guided facial editing for a fixed pre-trained
StyleGAN2 generator G. Let w;; denote a latent code sampled for the generator and let

Lig = G(w;q)

be the generated identity image. Let I, be a reference image that provides the target
pose and facial-expression information. The goal is to compute an edited output image
I, such that the identity comes from [;; while the controllable attributes come from I,,.

More formally, the intended mapping in this chapter can be written as

Towt = G(wida C(Iattr))a

where ¢(I,4,) denotes the control signal extracted from the reference image. In our case,
this signal is defined by head pose and facial landmarks, and is injected into the generator
through intermediate style representations rather than by modifying pixels directly. The

desired behavior of the mapping is:
e the identity of I,,; matches the identity of I;4,
e the pose and facial expression of I,,; match those of I,

e the output remains on the image manifold of the pre-trained generator.
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This formulation differs from standard image-to-image translation because the source
identity image is generated, not observed, and because the control is applied inside the
generator rather than through pixel-space warping. It is also related to face reenactment,
but in our case the main object of study is the controllability of StyleGAN itself: the
method is designed to test how internal generator representations can be used for controlled
editing, rather than to design a dedicated reenactment network operating purely in image

space.

3.3.2 StyleGAN image generation

StyleGAN introduced a hierarchical generative process for generating human faces. Contrary
to classical GAN approaches the generating noise is injected at multiple processing blocks
separately. In this paper, we use the version proposed in StyleGAN2 [69], although the
approach could be used similarly on the original StyleGAN.
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Figure 3.1: Image generation process in StyleGAN2. Bottom shows the whole generation
pipeline including content process and style sampling process; top shows the detailed style
modulation process.

The StyleGAN2 architecture, illustrated in Figure 3.1, is composed of several generator
blocks [72]. In contrast to typical GANs, the content signal input to the first block is a
constant vector only responsible for generating rough output; the main factor driving the
variety and vividness of generated images is the style signal. Specifically, each generator
block except the first consists of two affine transformations A;, As and two convolution
layers convl, conv2 with same the kernel size 3 x 3 and different strides (2, 1 respectively);
the first generator block only has one convolution layer with 3 x 3 kernel size and stride of 1;
we omit the RGB convolution layer in each block since they are not relevant of controlling
the main feature synthesis [162|. Each generator block upscales the input feature map

to twice its size, the number of generator blocks N is therefore dependent on the desired
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resolution of the synthesized image. We use the 256 x 256 resolution model composed of
N = 7 generator blocks (13 convolution layers for style space [162]) in our experiments,
we denote the convolution layers as conv0 to conv12. For a pre-trained StyleGAN2
model, the image generation process is that the content signal is set from the initial learnt
constant and gradually builds the feature map through each generator block; the style
signal, a 512-dimensional vector z, is sampled randomly from initial latent space Z and
then transformed by a dense model Mg to gain the latent vector w for better feature
disentanglement |71], forming a new latent space W. The latent vector w is replicated for
the number of generator blocks to be the input of each one, providing the variety of the
style signal, the overall latent vectors w form another latent space W+ [162], we denote it
as W.

Within each generator block, for each convolution layer convi (¢ € [1,2]), an affine
transformation A; is learnt that maps the input latent vector w to a style vectors s; with
dimensions equal to the input channel of convi [72]. Each style vector provides functional
style information to modulate the visual feature synthesis' [162]. All style vectors form
a new latent space S, of dimension 4,928 for our architecture.? To simplify notation, we
define the overall 4928-dimensional style vector S = [S4]1<4<4928 as the concatenation of
the style vectors for all convolution layers and A as the complete mapping from W, to S
such that S = A(W,.).

3.3.3 Generative fields

Whether applied to classification or generation tasks, training convolution units implies
learning spatial semantic information. The locality of convolution kernels implies that
features at different layers encode patterns of different granularity. For generative models,
early layers control global features whereas later layers control more local features (the
converse is true for classification CNNs) [177, 6, 71, 162, 48]. In the case of perceptive
CNNs, this is explained by the concept of receptive fields [175]. We extend this intuition
to generative models through the notion of generative field, a generative counterpart of
receptive-field size in discriminative CNNs and can be computed from kernel sizes and

strides. Equation 3.1 gives the definition used in this chapter:

N—-L

9o = Z ((kNlJrl —1) H 5@') +1 (3.1)

=1 i=N—-[41

!The specific style modulation operation varies for different StyleGAN versions: StyleGAN1 uses AdaIN
[57], whereas StyleGAN2 uses mod-demod operations [72]. We omit the noise signal modulation since it
doesn’t control the main factor of synthesized features.

ZWe use the definition of style space from [162] where the dimension is corresponding to all input
channels of convl, conv2 from each generator block.
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where k;, s; are the kernel and stride size from [-th, i-th layer of convolution calculation
, go is the generative field size of input feature map of (L + 1)-th convolution layer (L
€ [0,12]), N is the total number of convolution layers (we use the start point of L from

Oth for the consistency of style space).

As the example of feature generation in StyleGAN2, the position of convolution unit in
the generator network determines various generative fields. Figure 3.2 depicts the generative
field of chosen convolution layers for input feature map of sizes 8 x 8,32 x 32, 128 x 128 in the
StyleGAN2 generator. As illustrated in Section 3.3.2, all convolution layers can be indexed
from conv0 to conv12 for 256 x 256 resolution model, we calculate generative fields of
convolution layers whose indices are conv2, conv6, conv10, the 3'4, 7th 11*" convolution
layer of StyleGAN2 generator, giving generative field sizes of 251 x 251,59 x 59,11 x 11
respectively, which are the typical size corresponding to large, middle, small features in
a model generating images of resolution 256 x 256. The content generation process of
StyleGAN2 is a composition of synthesized features with generative fields sizes from small
to large, combining all information in a coherent whole. The detailed generative field sizes

for all convolution units are summarized in Appendix A.

GF 251x251
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Figure 3.2: Generative fields produced by convolution units at different StyleGAN2
generator blocks. The leftmost unit feature map size is 8 x 8 and controls the largest
generative field, of size 251 x 251; conversely, the rightmost unit feature map size is 128 x 128
and controls the smallest generative field, of size 11 x 11.

Specifically, a convolution layer with large generative field size (eg, conv2) should
allow the control of global style features, such as head pose, because its generative field

size covers the whole image. Similarly, convolution layers with smaller generative fields
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(eg, conv6) should control more fine-grained style features such as facial expression.
Finally, convolution layers with the smallest generative fields (eg, conv10) should have
no structural impact, but refine the tone and texture of the generated image. Intuitively,
this analysis is compatible with the style mixing experiments in the original StyleGAN
paper [71]. On the other hand, style vectors as the input of conv2, conv6,convl10 in
style modulation process determine the editing information with various fineness level for
final result, indicating that the style space S formed by all style vectors (Section 3.3.2)

could be used to edit synthesized feature in different fineness level.

3.3.4 Feature control for StyleGAN2

Based on our analysis of generative fields (Section 3.3.3), we design a head feature editing
pipeline working on style space S of a pre-trained StyleGAN2, adaptively utilizing channel-
wise latent space with multiple generative fields for fine-grained control of human face
synthesis. Given a reference image as the style input, head pose and facial expression
features are extracted by a set of neural networks as the control signal, which is then
injected into the style space of each convolution generator block, adjusting the style
modulation during generating. Another image coupled with its sample vector provides
identity information for the synthesis process. In order to encode facial expression and
head pose features, we use a combination of facial landmarks and head pose Euler angles,

as illustrated in Figure 3.3.

Figure 3.3: Facial landmarks (left) and head pose Euler angles (right).

The facial landmarks are defined by 68 feature points on the human face, used to encode
the facial pose and expression information. Each feature point is denoted by 3-dimensional
point coordinates. Due to the first 17 landmarks being dependent on face shape (and
therefore identity) rather than expression, we only use 51 inner-landmarks from index 18
to 68 for better editing results, which are shown as red colour points in Figure 3.3. The
right panel illustrates the definition of Euler angles: yaw, pitch and roll. The each angle is
in the range (-3, +75). These angles are used to define the head pose, combined with facial

landmarks to describe the overall human facial features.



3.3. METHOD 35

Feature control architecture

Our image editing pipeline, shown in Figure 3.4, extends the approach proposed from [116]
by 1) controlling explicitly for pose, and 2) modulating the control signal at each generator
block. We modify the StyleGAN2 generator [72] to input the control signal, containing

face pose and expression, into the style space.
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Figure 3.4: Image editing pipeline for StyleGAN2 using style space §. Identity input
including latent vector Z and corresponding generated image I;4 for the facial generation
with identical features. The attribute input is a reference image I, from which we extract
facial features (expression, head pose) for controlling the image generation. All control
signals work within each generator block, modulating the style signal samples in layer-wise
style space S.

The architecture is composed of 5 networks: The StyleGAN2 generator G, the identity
encoder Fiq, the attribute encoder F,y,, the reference mapping network M., and the
facial landmark detector Ey,q. In our approach, G, Eiq, F.-and Ey,q are pre-trained and
only M, is trained from scratch. There are 2 types of input, 1) identity input consists of
the StyleGAN-generated image Iiq = G(A(Ma(Zia))) that we want to edit and its latent
sampling code Zjq for StyleGAN2; 2) the attribute input ., which is a reference image
providing the style information that the identity image should be changed to mimic. During
training, the networks Ejq and F,, will encode the images [iq and [, into the feature

representations Fiq and Fj,, respectively:

Fqa = FEu(ly) (3.2)
Fattr = Eattr([attr) (33)
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M.t learns a transformation from the feature embedding of the attribute image Fl,, to
the style space S, to produce a control signal that modulates the style signal [4, editing
the features by offsetting the channel-wise numerical value [162|. The StyleGAN2 generator
GG then synthesizes the edited image [,,; through modulated style vectors:

AS - Mref(Fattr) (34)
S = A(Mg(Zia)) (3.5)
Iowe = G<Szd + AS) (36)

where Ziq is used to recover the generation of identity image in StyleGAN2, S;; is the
style signal gotten from Ziq, Mg and A denote the latent mapping network of StyleGAN2
and affine transformations of generator blocks. Referring to the style-signal definition in
Section 3.3.2, we define AS = [Asg]1<a<492s as the style control signal concatenating all
style control vectors As across all generator blocks, which is a 4928-dimensional vector
corresponding to the dimension of Sj,.

In contrast, [116] only uses W space as the controlling vector space and therefore requires
an additional adversarial learning process to regularize the initial sampling, whereas our
method uses the style space that just provides the control signal rather than the whole style
signal, dividing up the image synthesizing and editing completely, achieving the ability of

simultaneously generating and editing (SGE) during inference.

Loss functions

The loss functions we used are modified from [116] to account for the differences in our
architecture. Considering the head pose rotation is a movement in 3D space, we use a 3D
landmark detector from [192] to extract 3D facial landmarks and Euler angles from facial
images. Moreover, because Nitzan’s approach predicts the new VW space vector conditioned
on the attribute image input, the new W vector can deviate from the original data manifold
failing to produce a valid face for the following task. They resolve this by pre-training the
mapping network with an adversarial loss [116]. One benefit our editing features in style
space directly is that our approach preserves the content synthesis signal, and therefore

does not require the addition of an adversarial loss.

Identity loss: L4, is used to ensure that the transformation performed by the network
preserves the identity of the person in the input image. It is implemented as the L, distance
between the identity embedding of the identity image Fiq=FEiq([;q) and of the generated
image Fou=FEid(lout):

Liq = || Eia(Lia) — Eia(Iow) |1 (3.7)

Attribute loss: L., is used to ensure that the generated image’s pose and expression are
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similar to the attribute image’s. It is implemented as the combination of the L, distance

between detected facial landmarks and estimated Euler angles «, 8,y between I, and

]out‘

Elnd - ” Elnd(jatt’r‘) - Elnd(lout) ||2
*Cpose = || Epose(thtr) - Epose(lout) ”2 (38)
*Cattr = Elnd + »Cposey

where L4, Epose are all provided by pre-trained 3D landmark and pose detectors.

Reconstruction loss: We use the reconstruction loss L. from [116] to preserve pixel-
level information if I;4, I, are same, which is a weighted sum of pixel-wise L; loss and

MS-SSIM loss:

['struc = MS'SSIM<Iattr7 Iout))

(3.9)
£mia: - acst'ruc + (]- - 05) H Iattr — dout Hl

where « is the mixing hyperparameter, for which we use 0.84 as suggested by [191].

The training process is divided into the cross stage and the reconstruction stage, where
the former is training for pose and expression transfer and the latter is training for content
consistency. During cross stage the images [,q and I, are different and the model is
trained to generate the image capturing features from I,,; during the reconstruction stage
the images [,q and I, are the same and the model is trained to reconstruct the inputs,

L 1s only employed when = [ig:

‘Cmixa [a r — i
Lree = { v (3.10)

0, otherwise

Total loss The overall loss is the weighted sum of the above losses, 3 parameters Ay, Ag,
A3 are used to control the factor of each one, influencing the identity preservation, attribute

feature editing and general attribute preservation in generated results:

»Ctotal - )\lﬁid + )\Q‘Cattr + /\3»Crec (311)

3.3.5 Style space regularization

We found that training could become unstable after several epochs. We explain it through
the derivation of data manifold in style space. The output image should capture the
facial landmarks of I,,, however, the loss produced from a bad-quality output image
could be lower than a high-quality output image because Ej,q may also recognize a bad-

quality human face and detect its landmarks, leading to the modulated value of style space
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deviating from the data manifold.

To fix it, we propose a style regularization term which models the sampling of each
style space channel as a Gaussian distribution (and for simplicity, assumed independent).
Because the sampling value of the style space for the training dataset is known, we can get
the mean p; and standard derivation o; of the training examples for each style channel s;.
We therefore can also compute the log-likelihood L(S) for each style space channel s; on

every training batch, given by

1 |S]

202
i

L(S) = (si — pi)” (3.12)
where p;, 0; are mean and standard derivation of style code from the generated dataset, s;

is the style sampling of ¢-th channel of style space.

We can then maximise the log-likelihood to restrict the drift from the data manifold
when searching style vectors. The style regularization term —L(S) is added to the loss
function during optimization. In our ablation experiments, we show this noticeably improves

editing performance.

3.3.6 Implementation details

We use a pre-trained StyleGAN2 model with 256 x 256 resolution in all experiment tasks,
the training pipeline is composed of 2 stages, cross stage and reconstruction stage, and
a hyper-parameter controls the ratio of them in charge of the attribute learning and
reconstruction respectively, we choose the ratio 3 as the suggestion of referred work [116]. A
pre-trained landmark detection model 3DDFA is used as Ej,q [192] to regress 3D coordinates
of 68 facial key points and 3 Euler angles, facilitating the feature editing and embedding

experiment.

The Adam optimizer [78] is used for all experiments with parameters 3;=0.9, 52=0.999
and the learning rate is dynamically changed from 5x 1076 to 1 x 10~7 for quick convergence.
We empirically set the loss weights to Ay = 1, Ay = 0.01, A3 = 0.02 and the hyper parameter
of L. to 0.84. For the calculation of L,q4, we take the suggestion from the referred work
to use 51 inner-face landmarks [116| as they report the jawline landmarks could strongly
result in the unreal face generation. The model is trained with batch-size 6 on a single
NVIDIA GeForce RTX 3090 GPU and the training process is very efficient, taking only

one day to converge.
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3.4 Experiments

3.4.1 Image editing

We evaluate Chapter 3 from two perspectives. First, we test the practical editing task
defined above: the output should preserve identity while matching the reference pose and
expression. Second, we test whether the proposed generative-field analysis helps explain
which parts of the generator are responsible for different editing scales.

The evaluation metrics therefore cover both realism and editing accuracy. To measure
realism, we use Fréchet Inception Distance (FID) [51]. Lower FID indicates that the edited
outputs remain closer to the real FFHQ distribution.

Editing accuracy is measured by three task-specific metrics. Identity is measured by
cosine similarity between the identity embeddings of the source and edited images, so
higher is better. Ezpression is measured by Euclidean distance between normalized facial
landmarks of the attribute and edited images, so lower is better. Pose is measured by
mean squared error between the Fuler angles of the attribute and edited images, so lower
is better. These metrics were chosen because they correspond directly to the intended

behaviour of the task: preserve identity while transferring pose and expression.
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Figure 3.5: Image editing result. Identity images are generated from StyleGAN2 randomly,
attribute images are the real image set sampled from FFHQ256 dataset, identity images
should capture pose and expression from attribute images.

Considering the diversity of StyleGAN2, we use the generated dataset from pre-trained
StyleGAN2 on FFHQ256 dataset, consisting of 48,000 high-quality synthesized images as

the training data for our image editing pipeline, from which 36,000 images are used as
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identity images and 12,000 images as attribute images. This ensures that a wide range of
attribute variation is covered by model generation capacity. We use real-world attribute
images from the FFHQ256 dataset for evaluation to test the model performance and
generalization. Figure 3.5 demonstrates high-quality image editing results: the generated
image captures the pose and expression of attribute images while preserving the identity of

identity images.

Comparison with previous methods

We compare our approach with LORD [32], FSGAN [115], and IDDISEN [116]. LORD is
a landmark-guided face reenactment method, FSGAN is a face-swapping and reenactment
framework designed to preserve identity during attribute transfer, and IDDISEN is a
reference-guided disentanglement approach that explicitly separates identity and editable
facial attributes. These baselines are appropriate because together they cover the main fam-
ilies of methods most closely related to our task: landmark- or attribute-driven reenactment,
identity-preserving facial editing, and reference-guided disentangled control. Comparing
against them therefore tests whether our StyleGAN-based style-space control offers an
advantage over prior image-space or disentanglement-based approaches under the same
identity-preservation objective. For each method, we evaluate 1,000 randomly sampled
identity-reference pairs and compute the average realism and editing metrics. Table 3.1
shows that our method achieves the strongest identity preservation and pose transfer, while

remaining competitive on realism and expression transfer.

Table 3.1: Quantitative evaluation with previous methods
Method FID | Identity T+ Expression | Pose |

LORD 23.08 0.20 0.085 13.34
FSGAN  8.90 0.35 0.013 6.73
IDDISEN 4.28  0.60 0.017 9.74
Ours 4.89 0.82 0.017 1.67

Ablation study

We conducted an ablation study to isolate the effect of the main design choices in our
editing pipeline, using the same evaluation protocol as above. The goal is to test whether
the gains come from style-space control itself, from the style regularization term, or from
the explicit pose loss.

In Table 3.2, the default configuration follows the feature-concatenation strategy of
Nitzan et al. [116]. The remaining rows then test our modifications. Removing feature

concatenation improves editing performance but degrades realism, suggesting that direct
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Table 3.2: Quantitative evaluation of image editing pipeline

Configuration FID | Identity ¥ Expression | Pose |
default configuration 3.65 0.84 0.026 3.29
— feature concatenation 8.52 0.77 0.016 1.62
+ style regularization ~ 4.48 0.83 0.022 2.33
+ Euler angle loss 4.89 0.82 0.017 1.67

style-space modulation is effective for control but still benefits from additional regularization.
Adding style regularization improves stability, and adding an explicit Euler-angle loss gives
the best overall balance between image quality and pose-expression transfer. Figure 3.6

shows the same trend qualitatively.

Attribute Image

Identity Image

Default
Configuration

Remove Feature
Concatenation

Add Style
Regularization

Add Euler
Angle Loss

Figure 3.6: Comparison of image editing results with different experiment configurations in
the ablation study. The second row results significantly improve the editing performance
by removing the feature concatenation but loses some quality. The last row adds style
regularization and Euler angle loss, getting the best overall performance with the balance
between image quality and editing.

3.4.2 Generative fields
Sparsity of style space control

The first hypothesis tested in this section is that pose-expression editing in style space

should be sparse: if identity is largely preserved, then only a small subset of style dimensions
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should need to change substantially. We test this hypothesis with two experiments, one
measuring the magnitude distribution of the control signal and the other measuring how

consistently the same dimensions are reused across editing tasks.
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Figure 3.7: Histogram of mean style control signal AS. X-Axis is the normalized value of
AS, Y-Axis is the mean counts of AS among all experiments locating on 20 data bins.

For the first experiment, we compute the histogram of absolute control values in AS
over multiple editing trials. Because the scale of AS varies across examples, we normalize
the absolute values before averaging histograms across tests. Figure 3.7 shows that only a
small number of dimensions take large values, while most dimensions remain near zero.
This supports the claim that style-space editing is sparse.

The second experiment asks whether the active dimensions are merely sparse or also
reused consistently across different edits. We approximate the active set by taking the top
50 absolute entries of AS in each experiment and define a reuse rate to measure how often

the same channel indices reappear across tests.

T = {t € AS|rankas(t) < 50} (3.13)

where t is the dimension value of AS, rankag is the absolute value rank in AS, rank 1

indicates the highest absolute value.

card(x)

N
where x is the element of set X, N is the number of test, card(x) is the cardinality of x in
the set X.

Rreuse = , T € X (314)

As the style dimensions with the top 50 absolute values may vary in each experiment,
we calculate the union set of corresponding dimension indices among all tests. Specifically,

we conduct 10 feature editing tests and get 10 sets 11,75, T3, ..., Tho, then define the union
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set of all dimensions T, as:
T,=TiUT,UTs...UT. (3.15)

Figure 3.8 shows that several channel indices are repeatedly activated across different
editing trials. This suggests that pose and expression transfer in StyleGAN2 is not only
sparse but also structured: a relatively small subset of channels contributes repeatedly to

similar edits.

exp01 - attr01 exp02 - attr02 exp03 - attr03 exp04 - a exp05 - attr exp06 - attr06 exp07 - attr07 exp08 - attr08 exp09 - attr09

®
attribute image

Figure 3.8: Statistics of channel reuse proportion for top 50 absolute control value of style
space among all experiments, the yellow colour indicates the highest reuse rate R,cyse, the
purple colour indicates the lowest reuse rate, the X-Axis is the channel index in the union
set A, of top 50 control channels among all experiments.

Generative fields evaluation

The second hypothesis of the chapter is that editing performance depends on matching the
scale of the control signal to the scale of the target feature. If the active generator layers
have generative fields that are too small, they should fail to control global attributes such
as head pose. If they are too large, they should be less effective for fine-scale attributes such
as expression. In our experiments, the average face width in FFHQ256 and the synthesized
dataset is 141.68 pixels, measured using the 1% and 17" landmarks.

We design an experiment to test above hypothesis by disabling a set of style control
vectors AS (Section 3.3.4) according to the generative field size from its input feature map
and evaluating the editing performance. Specifically, we calculate the mean metrics result
from 100 tests where identity images are randomly sampled from our synthesised dataset
and attribute images are randomly sampled from FFHQ256 dataset. The StyleGAN2
generator with 256 x 256 resolution has 13 convolution layers from conv0 to conv12
(Section 3.3.3), we define the control units in each experiment configuration that keep the
style control signal injection for these convolution units but set others to 0. For instance,
the control units for configuration 1 only keep conv0 to conv7 working for the feature

editing, and set style control signal to 0 for other convolution units, which covers generative
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fields size from 43 pixels to 506 pixels. Table 3.3 compares the relationship between model

performance and the generative fields (GFs) of the functional control units.

Table 3.3: Quantitative evaluation of generative fields experiment

Index Control Units  GFs Identity T Expression | Pose |
config.1 conv0 - conv7 (43, 506)  0.75 0.016 0.99
config.2 conv0 - conv4d (123, 506) 0.74 0.019 1.04
config.3 conv0 - conv2 (251, 506) 0.76 0.028 0.67
config.4d conv3 - conv6 (59, 187)  0.73 0.017 1.21
config.5 conv6 - convll (7, 59) 0.69 0.033 0.84

These results support the hypothesis. Configuration 3, whose active layers have
generative fields larger than the average face scale, performs best for pose control but loses
expression accuracy. Configuration 5, whose active layers have much smaller generative
fields, performs worst on identity and expression and produces visibly unstable edits.
Together, these outcomes are consistent with the claim that coarse and fine facial edits

require control to be injected at different spatial scales.

Attribute Image

Figure 3.9: Small generative field works for the expression landmark editing, but the result
gets the broken artifact due to limited influencing area, degrading the image quality.

3.5 Conclusion

This chapter showed that fine-grained editing in StyleGAN2 can be analysed and improved
by studying where control is applied inside the generator. The proposed style-space editing
method improves identity preservation and pose transfer relative to prior baselines, while
the generative-field analysis provides a quantitative explanation for why different layers
are better suited to different scales of editing. The experiments further indicate that the
control signal is sparse and repeatedly activates a small subset of style dimensions across

editing tasks.
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At the same time, the chapter has clear limitations. The control variables are still
defined in terms of facial landmarks and Euler angles rather than physics-based scene
parameters, and the method remains tied to the representational capacity of a pre-trained
StyleGAN2 face generator. Full 3D supervision is also absent, which limits control over
viewpoint-dependent structure such as the back of the head. These limitations motivate
the later chapters, which move from latent controllability toward explicit rendering-aware

representations for illumination and viewpoint control.
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Chapter 4

A Framework for Accurate Illumination
Control

This chapter shifts the thesis from latent controllability to rendering-aware control. Chap-
ter 3 showed that fine-grained editing can be improved by intervening on intermediate
representations, but it still operated in a generator whose lighting was implicitly baked
into the final image. Here we address RQ2 1.3 by studying the rendering stage directly
and by asking whether illumination can be modelled as an explicit, editable process for
real-world portrait images.

Precise illumination control requires modelling diffuse and specular light transport in a
setting where material and geometry are not authored by an artist but estimated from
photographs. This inverse setting introduces two practical difficulties that motivate the

present chapter.

e There is no material ground truth for real-world images. The geometry and
material attributes required for shading must be estimated from photographs rather

than measured directly.

e Traditional rendering is not well suited to estimated materials. Classical
rendering algorithms assume artist-authored geometry, materials, and calibrated
lighting, whereas attributes recovered from real images are noisy and often violate

those assumptions.

4.1 Introduction

Photo-realism is a key goal of computer graphics [113], and is essential for creating
immersive multimedia experiences and imagery indistinguishable from the real world.
Significant advances have been made in illumination representation, material appearance

modelling, and high-precision geometric modelling [23, 24, 38, 154]|. These techniques can
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Figure 4.1: Example of rendering results from our physics-based neural deferred shader.

be understood as forward approaches: they explicitly model physical interactions between
light and surfaces. However, they still rely on approximations of complex real-world physics,
and these approximations can leave perceptible gaps between synthesized and real images.

In contrast, neural-network-based approaches learn aspects of the rendering process
directly from real-world data; these can be viewed as inverse approaches or data-driven
approaches, which reconstruct 3D information from 2D images. For example, Neural
Radiance Fields [108] regress a scene radiance distribution with a neural network by
estimating the color and density of sampled points, then use volume rendering to construct
images from novel viewpoints. Gaussian Splatting 73] uses lightweight 3D Gaussians as
the primitive representation, together with a fast approximate rasterization procedure to
render them efficiently. Although these approaches can produce highly realistic images,
they fit models that are specific to the content of individual scenes. They must be retrained
from scratch for new scenes, and do not learn information that transfers or generalizes
across scenes.

Another approach to photorealistic rendering is to use an auxiliary enhancement
network to learn a mapping between the domain of traditionally rendered images and
that of photorealistic images [77, 127]. As the initial rendering result lacks complete 3D
scene information such as spatial distribution of illumination and 3D object positions, it is
difficult for such post-hoc methods to learn a mapping to photorealistic images. In this
chapter, we instead treat relighting as a task with explicit rendering inputs and outputs:
estimated PBR textures, geometry cues, environment illumination, and camera parameters
are given, and the goal is to predict the relit RGB image. We combine a deferred shading
framework with a neural shading network, trained to directly regress pixel color from
physics-based rendering (PBR) textures and light input, to achieve high-fidelity rendering

results. Our contributions are as follows:



4.2. RELATED WORK 49

1. We propose a physics-based neural deferred shading pipeline that renders scenes with
PBR textures (albedo, roughness, specular) and illumination (HDRI light map) into
photorealistic images (Figure 4.1).

2. We develop a neural shadow estimator to efficiently approximate realistic shadows,

improving the final rendering result.

3. We propose a new FFHQ256-PBR dataset containing RGB images, material textures
(albedo, roughness, specular), depth, screen-space ambient occlusion, and HDRI

environment maps.

4. We conduct comprehensive experiments to compare our approach with existing

shading models on multiple datasets, demonstrating its superior performance.

4.2 Related Work

Photo-realistic Novel View Synthesis. Novel view synthesis is an application of the
3D reconstruction task, and recent learning-based techniques can reconstruct photorealistic
3D scenes from posed images and synthesize high-quality novel views from the recovered
3D information. Specifically, a series of works on Neural Radiance Fields [39, 108, 144, 174]
represent a single 3D scene using an implicit radiance-field function: they sample points
along camera rays and regress color and density to reconstruct each view. Other works on
Gaussian splatting [73, 144, 171, 176| instead draw inspiration from point-based rendering
and use a splatting procedure to render pixel colors. They use lightweight 3D Gaussians as
the primitive representation and achieve real-time novel-view synthesis without sacrificing
quality. Both families of methods require overfitting to specific scenes and are difficult to
generalize because they compose geometry, material, and illumination together. In contrast,
our work is based on the standard deferred rendering pipeline and learns a shading function

that can render arbitrary scenes while preserving photorealistic appearance.

Photorealism Enhancement. Other works reduce the photorealism gap between
traditional rendering output and real-world imagery by designing an enhancement model.
Richter et al. [127] capture all shader inputs of the video game Grand Theft Auto 5 (GTA5)
and use adversarial learning to increase the vividness of rendered results by discriminating
them against matched real-world photos. Kim et al. [77] use a neural network to improve
the output of a physics-based Cook-Torrance renderer; because paired inputs and targets
are available, their method does not require adversarial learning. However, training a model
to improve a forward-rendered image still restricts the learner to whatever information
survives the initial rendering pass. Important variables such as view direction, per-pixel

material parameters, and directional illumination are not preserved in sufficient detail for
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robust relighting. In contrast, we propose a more direct shading formulation, in which a
neural regressor models the shading process itself by predicting the RGB color of each
rasterized shading point from informative PBR textures and illumination inputs, leading

to better physical interpretability and stronger relighting behaviour.

Neural Deferred Rendering. In classical rendering, there are two common ways to
shade a visible point: forward shading and deferred shading. Forward shading renders each
object in turn and lights it according to all light sources in the scene. Deferred shading
instead postpones expensive lighting computations to a later stage and performs them
only for visible screen points, reducing computational cost [23|. Neural rendering is more
commonly built on forward-shading-style formulations, albeit with scene representations
learned from sample imagery [10, 40, 150, 169, 178]. However, a deferred pipeline can also
be used in neural rendering, which is advantageous because it avoids the non-differentiable
rasterization process in classical rendering and allows classical shading formulas to be
replaced with neural models learned from data. Neural deferred rendering was first proposed
by Thies et al. [151], who integrated the conventional real-time rendering pipeline with a
learnable neural texture and a deferred neural renderer. Worchel et al. [159] later extended
the deferred neural renderer to 3D reconstruction by using a differentiable rasterizer in
the classical deferred pipeline to recover a triangle mesh from multi-view input. However,
existing works on neural deferred shading do not model light-surface interaction explicitly
and are not physics-based, making them unsuitable for generalization to new illumination
conditions. Our work redesigns the coordinate-based neural deferred shader [159] by
incorporating inbound light and bidirectional angular information so that the shading

result is regressed from physically meaningful inputs.

4.3 Method

4.3.1 Task Definition

We formulate the chapter task as real-world portrait relighting with estimated physics-based
scene attributes. The input consists of a G-buffer extracted from a single portrait image,
including albedo, roughness, specular reflectance, normal, depth, and screen-space ambient
occlusion, together with an HDRI environment map and camera field of view. The output
is a relit RGB image under the specified illumination. This differs from scene-specific neural
rendering methods such as NeRF or scene-fitted neural deferred renderers, which overfit
to a single scene, and image-enhancement pipelines that only refine an already rendered
image. Our task instead asks whether a scene-agnostic shader can learn the mapping from
estimated material and illumination cues to photorealistic appearance for many real-world

faces.
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Figure 4.2: The overall pipeline of our physics-based neural deferred shading. In data
preprocessing (a), the input image is processed to estimate PBR textures (A: albedo, N:
normal, S: specular, R: roughness, D: depth, AO: ambient occlusion), an IBL light map,
and the field of view via pre-trained models. The estimated data are then used to train
the physics-based neural shader (b). Subsequently, a shadow estimator (c) predicts the
shadow map applied to the final shading result.

Image rendering aims to model how light interacts with surfaces 77|, as described by

the rendering equation:

Lo(v) = /Q F(v,1)Ly(1){n - 1)dl (4.1)

where L,(v) is the outbound radiance leaving in direction v; it is the integral of the incident
light L;(1) from every possible direction 1 across the hemisphere €2, centered around the
surface normal n. F'(v,l) is the Bidirectional Reflectance Distribution Function (BRDF)
describing how the surface reflects light.

In practice, approximations of this equation are used, limiting rendering fidelity. We
introduce physics-based neural deferred shading in this work, a framework for photorealistic
portrait rendering that replaces hand-coded approximations with a learned regressor
conditioned on geometry, material, and light inputs. An overview of our pipeline is

presented in Figure 4.2.

4.3.2 Physics-based Neural Deferred Shading

To approximate the rendering equation more precisely, our work redesigns previous neural
deferred shaders [159] to incorporate PBR inputs, namely material textures, normal map,
depth map, and HDRI light map. Because paired samples of PBR inputs and real-world
target images are not publicly available, we first create a dataset for training and evaluation,
then train the neural deferred shader and shadow estimator by minimizing the difference
between rendered and target images. During inference, the model renders an arbitrary
G-buffer containing estimated material and geometry information under a specified HDRI

light map, producing a photorealistic image.

Dataset creation. We use the recent material and light predictor [77]| to construct the
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Figure 4.3: Shading process for each point. Each visible point collects its local PBR
attributes to form a G-buffer entry, and sampled incident light from the HDRI map
provides the directional lighting features used by the neural shader.

supervision data from images. The preprocessing pipeline has three stages, as summarized
in Figure 4.2. First, we estimate physics-based rendering (PBR) material textures, normal
map, depth map, screen-space ambient occlusion (SSAO), and an image-based lighting
(IBL) environment map. The PBR textures consist of albedo, specular reflectance, and
roughness, which are combined with the normal and depth maps to form the G-buffer used
by the shader (see Section 4.2). Second, we estimate the field of view (FOV), which is
required to recover the outbound direction of each pixel. To do so, we use a 3D Morphable
Model (3DMM) to register input images and locate 3D landmarks on faces [29]; combining
these landmarks with their 2D projections and the recovered depth map allows us to
estimate the camera FOV. Third, we package the estimated attributes with the original

RGB image for training and evaluation.

Using this process, we extend the human-face dataset FFHQ [70] into a new dataset
called FFHQ256-PBR, consisting of 69,990 facial images with estimated PBR material
textures, HDRI illumination, and camera field of view (See Figure 4.4). We manually
remove obvious failure cases, such as background-removal errors that erase parts of the head
or implausible material estimates around hair boundaries. This filtering step is important
because it defines the usable supervision regime of the chapter: the dataset is not treated as
measured ground truth, but as a large-scale estimated supervision set for studying whether
a learned shader can compensate for the mismatch between inverse-rendered attributes
and real images. In this sense, the dataset contribution of the chapter is not only the final
collection itself, but also the preprocessing and curation procedure that makes large-scale

portrait relighting experiments possible.

Our main experiments focus on human faces because they are central to many applica-

tions, but the rendering pipeline is not restricted to that domain. We therefore collect a
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Figure 4.4: Visualization of the FFHQ256-PBR dataset. Each row shows the original RGB
image, estimated albedo, normal, roughness, specular, depth.

second dataset based on a 1,000-scene subset of the synthetic BlenderVault dataset [99].
For this dataset, we estimate the relevant parameters using the inverse-rendering approach
proposed in [99]. The two datasets play complementary roles: FFHQ256-PBR tests whether
the shader can handle noisy real-world estimates, while BlenderVault provides a cleaner
synthetic reference domain. Rather than relying on synthetic augmentation of FFHQ itself,
we broaden the evaluation domain by pairing the real-world portrait dataset with this

synthetic benchmark.

Shading process. We train the neural deferred shader to estimate the RGB color for each
pixel, after which it can shade an arbitrary surface point during inference. Specifically, the
shader processes each pixel of the G-buffer separately (Figure 4.3). Texture and normal
information is represented in screen space and taken from the corresponding pixel, while
illumination information is sampled from rays on the hemisphere around the 3D point

found by casting a ray from the pixel into the scene.

The neural shader’s input is inspired by the classical rendering equation (Equation 4.1),
and consists of three material features corresponding to F' term: albedo a € [0, 1]3,
specular s € [0,1]' and roughness r € [0,1]'; three geometric terms (as unit vectors):
normal n € [—1,1]3, inbound light direction 1 € R3? and outbound light direction
v € R3; a single light feature: inbound light intensity L; € (R™*)3. The per-pixel values of
a,n,s,r form a G-buffer entry that is concatenated with the n sampled inbound light rays
{Li(L), Li(Ly), ..., L;(1,) } to form the input of a trainable neural shader with parameter 6.

Accordingly, the neural shading function is:

/ fo(a,n,s,r, v, L;(1)(n-1))dl € [0,1]*,1€ QF (4.2)
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where L;(1)(n - 1) is the inbound light from the upper hemisphere QF, analogous to
Equation 4.1. The neural shader first regresses the outbound contribution for each sampled
incident-light direction and then averages these contributions across the sampled rays to
obtain the final result. In this way, the network learns to approximate the shading integral

directly from reconstruction supervision.

Architecturally, the neural shader is a lightweight two-stage multilayer perceptron.
After positional encoding [108, 146|, a diffuse network with two fully connected layers
predicts a view-independent diffuse feature. This feature is then concatenated with the
outbound direction v and half-vector h and passed to a second two-layer specular network
that produces the final RGB contribution for each sampled light direction. We separate the
diffuse and specular branches because diffuse reflection is isotropic while specular reflection
is explicitly view dependent; this design gives a clearer correspondence to the rendering

equation than a single black-box regressor.
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Figure 4.5: Architecture of physics based neural deferred shader. The PBR input is
transformed through the positional encoding [146] and fed to the diffuse network. The
resulting feature vector is then concatenated with both the outbound direction v and half
direction h and fed as input to specular network, producing a RGB color value.

Specifically, it consists of two networks (see Figure 4.3): a diffuse network and a specular
network. Both networks are multi-layer perceptrons (MLPs) consisting of 2 fully connected
layers, using ReLU activation function. As MLPs are ill-suited to learn functions with
high spatial frequency [59, 146], we first embed the G-buffer and light intensity into a
high-dimensional Fourier feature via positional embedding [108, 159]. The diffuse network
then processes the embedding features to produce the diffuse features. Note that since
diffuse reflection is defined as isotropic, the view angle is not an input of this network. The
diffuse features are then concatenated with both the outbound direction v and the half
direction h and fed to the specular network to gain view-dependent specular reflection,
and produce an RGB color for the pixel.

Shadowing process. The architecture proposed above does not account for how inbound

light rays may be affected by self-occlusions—for example, the top of the head may shelter
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Figure 4.6: Localized shadowing model: The light rays denoted by black arrows come from
the lower hemisphere and would be filtered by the cosine term in the rendering equation,
whereas the light rays denoted by colorful arrows are occluded by local geometry resulting
in localized shadowing.

light rays incident to a point below the eye, casting a shadow. Figure 4.6 illustrates
this effect: light rays coming from the top side of the environment map are occluded
by the top of the head. In practice, shadowing varies with differences in environment
lighting: if the environment light map is even and smooth, screen space ambient occlusion
(SSAO) can approximate the shadow effect well; conversely, if the environment light is
highly anisotropic then the resulting hard shadows must be calculated by costly tracing
of individual light paths. To calculate the shadow effect with a unified approach suitable
for diverse light maps, we design a neural shadow estimator that learns to improve the
shadowing result from our neural deferred shader. Specifically, a UNet-like neural network
fr is designed to estimate the shadow map from the input of an unshadowed image funshadow
and corresponding geometry information (normal map I,prma and SSAO map Ig,,). The
final shading result is the element-wise (Hadamard) product of the neural shader’s output

and the estimated shadow map. The shadowing process is thus described by

jshadow = fn(funshadowa ]normaly Issao) (4 3)

Irgb = [unshadow ®© [shadow

where fshadow is the pixel-wise shadow map, 7 is parameters of the neural shadow estimator,

A

I, 4 is the shadowed image.

4.3.3 Loss Function

The proposed model is trained by solving the following minimisation for the neural network
parameters 6:

argénin Lappearance(a, 1,8, 1, v, L;) (4.4)
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where Lappearance cOmpares the rendered pixel to the ground truth pixel at the corresponding
position. a,n,s,r,v, L; are albedo, normal, specular, roughness, outbound direction,

inbound light respectively.

More specifically, we train our model in two stages, with Lappearance defined differently
in each phase. In phase one, the model does not consider shadowing, so L%)pearance is the
shading loss defined by Equation 4.5, which is an L, loss calculating the average distance
between prediction and ground truth for all foreground pixels, Ng is the number of sampled

pixels, and C' is the RGB value of pixel.
1 &
(1) —— E .
Lappearance - NS a HCz Cz”l (45)

We choose L; supervision because the target is direct appearance regression from noisy
estimated attributes rather than adversarial image synthesis. In this setting, L; provides a
stable objective that is less sensitive to outliers than Ly and empirically preserves shading

transitions better than a purely perceptual loss in our experiments.

In phase two, the neural deferred shader is frozen to produce an unshadowed image,
which is fed to the shadow estimator through concatenating with the normal map (see
Section 4.3.2), yielding the shadowed image I,4. An L1 loss LS carance (Equation 4.6)
calculates the residual between the shadowed image frgb and ground truth image I,y for
all pixels.

L(Q) = HITgb - ngb||1 (4-6)

appearance

4.3.4 Implementation Details

We train each stage for 40 epochs, which balances efficiency and performance. We use the
Adam optimizer |79], with parameters 8, = 0.9, 8, = 0.999, and a learning rate of 5 x 1075.
We randomly sample 8,192 foreground pixels of each image to form each training batch;
this provides enough diversity to avoid over-fitting as the neural deferred shading works on
a per-pixel basis and is agnostic to the overall scene structure. We uniformly sample 128
inbound light rays from the HDRI light map as input to the shader in each training step.
Training converges within one day on a single NVIDIA GeForce RTX 3090 GPU. During
inference, the physics-based neural deferred shader can render an image in 1 second per

frame.
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4.4 Experiments

We conduct comprehensive experiments to evaluate the performance of our neural deferred
shading approach, comparing it qualitatively and quantitatively against three baselines.
The baseline models include two classical shading models, the empirical Blinn-Phong model
and the physics-based GGX model, together with a recent learning-based neural deferred
shader [159].

PBNDS

e GT Blinn-Phong GGX o)

. NDS NDS
Blinn-Phong GGX (Overfitted) (Ours) (Overfitted) T

Figure 4.7: Quality comparison between different shading models. Blinn-Phong: Blinn-
Phong shading model; GGX: Trowbridge-Reitz GGX model; NDS: neural deferred shader;
PBNDS: physics-based neural deferred shader; GT: ground truth image. Our model
reconstructs the scene while preserving realistic light-surface interaction and stronger
generalization than the classical baselines.

4.4.1 Qualitative Evaluation

We visually compare shading results produced by different models from similar inputs. We
evaluate examples from two datasets: a held-out test set from FFHQ256-PBR for facial
data and a subset of BlenderVault [99] for other object types. Figure 4.7 illustrates the
results for both datasets, comparing our neural shader with the classical Blinn-Phong [9]
and GGX [154] models. Our physics-based neural deferred shader (PBNDS) reconstructs
the image photorealistically from the estimated materials and illumination, and the overall
hue and light reflection are more realistic than those of the classical models. In contrast,
Blinn-Phong is an empirical local shading model and therefore cannot reproduce the richer
reflection behaviour visible in the targets. The GGX model is based on microfacet theory,
but it still assumes lighting and material inputs that are calibrated for forward rendering,
making it less suitable for our estimated-attribute setting. We also compare our model
to the state-of-the-art neural deferred shader (NDS) [159], and show that our approach
can achieve similar quality. This is notable because our model is scene agnostic, whereas
NDS overfits a separate neural renderer to each scene by taking scene-dependent point
coordinates as input.

We next show how our model enables image relighting by replacing the HDRI map
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Figure 4.8: Rendering results with different HDRI maps. The first row shows HDRI maps
used to relight the original head; the other rows show the resulting rendered images after
relighting from different shading methods. The results show our neural shader allows the
environment map to realistically influence the shading of the head.

used at rendering time. Specifically, we use the model trained in the previous section for
both datasets but swap in new HDRI maps captured in real-world scenes. We compare the
relighting results to those of the classical Blinn-Phong and GGX methods in Figure 4.8.
Our model more faithfully recovers the light-surface interaction in this inverse setting,
whereas the classical models respond poorly to the estimated material and illumination
inputs. Compared with reconstructing the scene under its estimated illumination, the
relighting test is harder because the model must adapt to real-world illumination conditions

that may lie outside the distribution seen during training.

4.4.2 Quantitative Evaluation

We also compare the rendered images to the ground truth quantitatively. We conduct
500 tests in each experiment using data from the test split of FFHQ256-PBR and from
BlenderVault [99]. For the shading experiment, we report Learned Perceptual Image Patch
Similarity (LPIPS) [185] and Fréchet Inception Distance (FID) [50] to measure perceptual
realism, where lower values are better, together with Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity Index Measure (SSIM) to measure reconstruction accuracy, where
higher values are better. For the relighting experiment, paired ground-truth targets are
not available under each novel illumination, so we report only FID.

As shown in Table 4.1, our model substantially outperforms the classical shading models
in both the shading and relighting experiments. This suggests that the learned shader
adapts better to the mixed data domains used here, especially when rendering real-world
scenes whose materials and illumination are estimated rather than calibrated for classical

forward rendering. Our model also outperforms the overfitted neural deferred shader [159]



4.4. EXPERIMENTS 99

Table 4.1: Quantitative evaluation for shading/relighting experiments

MSE | PSNR 1 SSIM 1 LPIPS | FID |
FP BV FP BV FP BV FP BV FP BV
Blinn-Phong 0.078 0.044 11.90 1494 0.623 0.784 0.181 0.080 0.244 0.239
sD GGX 0.127 0.055 9.11  13.35 0.489 0.753 0.273 0.114 0.368 0.227
NDS (Overfitted) 0.005 0.001 29.68 38.53 0.885 0.988 0.062 0.027 0.179 0.037
PBNDS (Ours) 0.007 0.002 24.61 29.47 0.919 0.936 0.032 0.025 0.056 0.113
Blinn-Phong - - - - - - - - 0.331  0.163
RE GGX - - - - - - - - 0.556  0.162
PBNDS (Ours) - - - - - - - - 0.090 0.117

SD: Shading experiment; RE: Relighting experiment; FP: FFHQPBR dataset; BV: BlenderVault dataset

Table 4.2: Comparison of training with different Table 4.3: Comparison of different

model components training batch size
MSE | PSNR {1 SSIM{ LPIPS| FID | PSNR 1 GPU Mem. FLOPs(G)
Default Config. ~ 0.0046 244107  0.9167  0.0337  0.0607 2048 21.74 2.98 0.64
+ Perc. Loss 0.0052  24.0763 0.9298  0.0273  0.0441 4096 2281 5.96 1.28
+SDO (w/o AO)  0.0041  24.6948  0.9194  0.0319  0.0559 8192 24.83 11.91 2.56
+ SDO (AO) 0.0039 25.0053 0.9247 0.0262 0.0240 Full Res. 2581 23.82 5.12

in SSIM, LPIPS, and FID on the FFHQ256-PBR dataset, while remaining competitive
in the more pixel-sensitive MSE and PSNR metrics across datasets. We attribute this
behaviour to the fact that direct scene-specific overfitting can introduce high-frequency
noise, especially on real-world images, whereas our global shadowing stage provides a more

stable image-level constraint.

4.4.3 Ablation study

We conduct an ablation study to evaluate the importance of the different components of
the neural shading pipeline, following the same experimental protocol as in Section 4.4.2.
The default configuration of the neural deferred shader excludes the shadow estimator and
uses only the reconstruction loss from Section 4.3.3, together with ReLLU activations and
positional encoding [108]. We then add one component at a time: a perceptual loss in
the second test, our shadowing process without ambient occlusion (AO) in the third, and
the full shadowing process with AO in the fourth. Table 4.2 shows that the perceptual
loss improves perceptual metrics (SSIM, LPIPS, FID) but degrades the reconstruction
metrics (MSE, PSNR). The shadowing process without AO balances these two aspects
more effectively, and adding AO further improves most metrics while causing only a slight
drop in SSIM. We therefore use the full shadowing process with AO as the final design.
We also compare different training batch sizes and find that 8,192 pixels provide the best

balance between model quality and training efficiency (Table 4.3).
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4.5 Conclusion

This chapter showed that illumination control can be moved out of an implicit image
generator and formulated as a separate rendering problem. By learning a scene-agnostic
physics-based neural deferred shader from estimated PBR attributes, we obtained realistic
portrait rendering and relighting results on both FFHQ256-PBR and BlenderVault, while
remaining more general than methods that fit a separate neural renderer per scene. The
chapter also introduced FFHQ256-PBR as a practical supervision source for studying
relighting on real-world portrait data.

The chapter nevertheless has clear limitations. The supervision is derived from estimated
rather than measured materials and lighting, so the model inevitably inherits errors from
the inverse-rendering stage. In addition, the current formulation remains image-plane based,
which means that viewpoint changes and self-occlusion are only approximated through
estimated geometry cues rather than solved in a fully 3D representation. These limitations
motivate Chapter 5, where the learned shader is coupled to a generative model so that
the intermediate representation itself becomes editable, and Chapter 6, where viewpoint

control is addressed in an explicit 3D setting.



Chapter 5

Decomposing Diffusion Models for
Physics-Based Image Synthesis and
Relighting

Chapter 4 established a rendering model that can relight portraits once suitable physics-
based inputs are available. This immediately raises the next question in the thesis: can
those intermediate representations be generated directly, rather than first recovered from an
already rendered image? In other words, instead of treating relighting as a post-processing
step applied after image synthesis, can a generative model be redesigned so that controllable

material and illumination representations become part of the generation process itself?

This chapter addresses RQ3 1.3 in the 2D setting by studying rendering-aware text-to-
1mmage generation. The central task is no longer to generate only a visually plausible RGB
portrait from text, but to generate an editable intermediate description from which the
final image can be rendered under controlled illumination. This setting is more demanding
than conventional text-to-image synthesis because the model must produce both realistic
appearance and a decomposition that remains useful for later manipulation. It also exposes
a limitation of standard diffusion pipelines: by predicting final RGB appearance directly,
they entangle content, material, and lighting into one output and therefore make relighting

difficult after generation.

To address this limitation, this chapter combines latent diffusion with a neural shader
in a two-stage pipeline. The generative model is trained to predict G-buffer-style material
maps and related intermediate attributes from text, while a separate rendering stage
converts those representations into the final image under user-controlled lighting. In this
way, the chapter extends the learned rendering framework of Chapter 4 into a generative
setting, and serves as the first demonstration in the thesis that generation and rendering

can be separated explicitly within a modern diffusion-based image synthesis pipeline.

61



62 CHAPTER 5. SHADING BASED DIFFUSION MODELS

5.1 Introduction

The field of text-to-image (T2I) synthesis has made remarkable strides, with diffusion-
based models now capable of generating images of stunning photorealism and diversity
[132, 129]. Despite this progress, a significant frontier remains: fine-grained control.
Precisely manipulating attributes such as geometric pose, physics-based illumination, and
intrinsic material properties remains an open challenge. This level of granular control is
not merely an academic pursuit but a critical necessity for professional applications in
visual effects, product design, and gaming, where assets must be editable and integrable.
To address this gap, we propose a novel pipeline that uses natural language as its primary
input. Our method is built upon the unique combination of a diffusion model and a
physics-based neural shader, designed to enable explicit, multi-level control over a scene’s
G-buffer representation and lighting.

Recent research has pursued this goal of enhanced controllability. For structural
and compositional guidance, a significant body of work has emerged. Frameworks like
ControlNet [184] and T2I-Adapter [111] introduce trainable modules that condition the
generation process on spatial inputs such as Canny edges, depth maps, or human pose
skeletons. Other approaches, such as GLIGEN [90], focus on enabling precise object
placement through grounded language and bounding box guidance. Concurrently, a
separate line of research has focused specifically on illumination. Techniques such as
DiffusionLight [173|, which estimates environmental lighting by virtually adding a chrome
sphere to a scene, and DiLightNet [121] or LightlIt [43], which use radiance or shading
maps as conditioning, have demonstrated impressive command over the final lighting
environment. These approaches represent significant advancements in imposing user intent
onto the generative process.

However, these existing methods are constrained by fundamental limitations inherent
in the dominant T2I paradigm. Firstly, their underlying frameworks are typically coupled,
inextricably entangling content generation with the final image rendering. This fusion of
an object’s semantics, geometry, and appearance within a single process severely hinders
post-synthesis manipulation, such as relighting an object without altering its texture.
Secondly, these methods often rely on text to implicitly guide physical attributes, but
natural language suffers from a semantic gap; it lacks the precision to quantitatively define
lighting intensity, surface roughness, or exact 3D coordinates, leading to results that are
plausible but not physically accurate. Lastly, while methods like ControlNet offer structural
guidance, the requisite control signals, such as detailed pose skeletons or segmentation
maps, are often non-trivial for a user to create or acquire, posing a significant barrier to
practical use.

To overcome these challenges, our work introduces a new paradigm that decomposes

the image generation process into distinct texturing and rendering stages. We build
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our framework upon a pretrained latent diffusion model (Stable Diffusion [130]) and
fundamentally re-engineer its synthesis process. The core of our innovation lies in a custom
multi-head Variational Autoencoder (VAE). Its decoder, while sharing intermediate layers,
features two separate output heads: an RGB head for standard image reconstruction to
maintain the pretrained latent distribution, and a novel G-buffer head specifically trained
to generate a rich set of physics-based rendering (PBR) material maps, including albedo,
roughness, specular, normals, and depth. During inference, a text prompt guides the
diffusion model to produce a latent code, which our G-buffer head then decodes into these
material maps. These maps are subsequently fed into a physics-based neural deferred
renderer, which synthesizes the final image under any user-specified illumination. This
explicit separation of material generation from rendering is what enables powerful and
granular control.

Our primary contributions are threefold:

e We propose a novel framework called ShadingFusion that decomposes the text-
to-image pipeline into two distinct stages of PBR material synthesis and neural
rendering, thereby enabling explicit control over physical attributes like material and

illumination.

e We present a latent diffusion model featuring a novel multi-head VAE decoder that
synthesizes physics-based material maps (G-buffers) from text prompts, shifting the

generative target from final pixels to intermediate physical properties.

e We introduce CelebA-PBR-Text, a new large-scale dataset of human faces with
paired text descriptions, PBR material maps, and estimated illumination, created

specifically to facilitate research on decomposed generative models.

5.2 Related Works

5.2.1 Conditional Diffusion Models

Conditional diffusion models are now central to generative Al. Foundational works like
Stable Diffusion [130] and ControlNet [184] first established powerful text-guided synthesis
and fine-grained spatial control. Building on this, the field has progressed towards con-
trolling specific physical attributes. One major line of research has achieved sophisticated
illumination and relighting by incorporating geometric and reflectance cues into the model
[45, 42|. In parallel, geometry-aware approaches have extended diffusion to the 3D domain,
enabling the creation of animatable avatars with free-viewpoint control [81, 120]. More
recently, the focus has shifted to the direct synthesis of physics-based materials, with
techniques emerging that generate PBR texture maps from text prompts [190, 56]. While
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these parallel efforts successfully control individual physical attributes, they typically
address only one aspect—such as lighting, geometry, or material—at a time. Our work, in

contrast, seeks to unify these specialized control axes into a single, cohesive framework.

5.2.2 Neural Deferred Rendering

In computer graphics, deferred shading postpones intensive lighting calculations to a
second pass, processing only visible pixels to optimize performance compared to traditional
forward shading [23|. This principle has found new life in the era of neural rendering, a field
dedicated to synthesizing imagery by learning from data [150]. The integration of deferred
shading into neural networks is part of a broader trend toward creating fully differentiable
rendering pipelines, which allow optimization directly from image-based losses. This is
a key advantage over many classical methods that involve non-differentiable steps like
rasterization. The concept of neural deferred rendering was pioneered by Thies et al. [151],
who combined a learnable neural texture with a deferred renderer. Worchel et al. [159] later
extended this for 3D reconstruction. However, a critical limitation of these prior works is
their failure to model the physical principles of light transport; they learn a mapping to
an appearance, not to a physically-plausible shading process. Consequently, they cannot
generalize to novel illumination conditions. Our work addresses this gap by designing a
neural shader that learns a neural approximation of the physics-based rendering equation.
By conditioning our shader on key components of this equation—namely incident light
vectors, surface material properties (PBR), and the viewing angle—our model can robustly

generalize to new lighting, enabling high-fidelity, interactive relighting.

5.2.3 Multi-modality Large language models.

MLLMs have recently demonstrated powerful capabilities in jointly processing and reason-
ing about visual and textual information, as exemplified by advanced architectures like
DeepSeek-VL2 [161] and recent innovations in chain-of-thought reasoning [157]|. This has
spurred their application in enhancing the controllability of image synthesis, where they
primarily act as intelligent interpreters of user intent. For instance, MGIE [30] utilizes
an MLLM to transform ambiguous user requests into explicit editing directives, while the
Draw-and-Understand framework [97] leverages MLLMs to interpret a combination of text
and user-drawn strokes. In contrast to using MLLMs for refining editing instructions, our
work employs one to perform a more foundational task: translating free-form language
directly into a structured, physics-based scene description. This structured data, containing
explicit parameters for lighting and materials, directly conditions our decomposed pipeline

and bridges the semantic gap between intuitive language and physics-based synthesis.
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Figure 5.1: Data Collection: PBR Information Acquisition.

5.3 Method

5.3.1 Task Definition

We formulate the task in this chapter as rendering-aware text-to-image generation. Let p
denote a natural-language prompt, optionally enriched into a structured prompt p by an
MLLM. The desired output is not only a final RGB image /,4, but also a set of intermediate
maps

M ={AR,S D N, K},

where A, R, S, D, N, and K denote albedo, roughness, specular reflectance, depth or view
coordinates, normals, and foreground mask, respectively. These intermediate maps should
be sufficiently consistent and physically meaningful that they can be rendered under a

chosen illumination condition to produce the final image.

More formally, the intended mapping can be written as
Z:Fg(ﬁ), M:D¢(2’), jrgb:Rw(MvL)v

where Fy is the text-conditioned latent diffusion model, Dy is the decoder that predicts the
intermediate material representation, R, is the neural renderer, and L is the user-specified
illumination. The method therefore separates generation into two stages: first predict
an editable representation from text, then render that representation into the final RGB
appearance. The overall pipeline is shown in Figure 5.2. At a high level, the chapter is
organized into three parts: data acquisition for paired text and PBR supervision, a shading-
based diffusion model that predicts the intermediate representation, and a physics-based

neural deferred renderer for illumination-conditioned image synthesis.
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Figure 5.2: The overall pipeline. The diffusion model generates a G-buffer for novel content
and uses the neural shader to render the final RGB image.

5.3.2 PBR Information Acquisition

Because collecting PBR materials with precise text descriptions for real-world photos is
challenging, there is no public dataset that directly satisfies our requirements. To address
this problem, we create our own paired dataset of human faces with text prompts and PBR
materials, CelebA-PBR-Text, based on the existing CelebA dataset. Figure 5.1 illustrates
the data-acquisition pipeline, which gathers the PBR material textures, scene illumination,
and corresponding text descriptions required to train our model.

Specifically, we employ a recent inverse rendering model [77] as the PBR pass to estimate
the texture map of physics-based rendering materials and environment illumination of
each image in the CelebA dataset. The estimated PBR materials include both geometric
information (depth and normals) and textures representing spatially varying material
properties (albedo, roughness and specular reflectance). Moreover, we use a multi-modality
large language model (MLLM) to extract descriptive information about the human subject
in each image. In order to collect the required information, the MLLM performs a
Visual Question Answering (VQA) task to answer a fixed set of predetermined questions
(Appendix B). We set the output token length to 77 to match the requirement of Stable

Diffusion [130], which is used as the backbone in the following process.

5.3.3 Physics-based Latent Diffusion Models

We build our shading-based diffusion model on Stable Diffusion [130] and refer to the
resulting system as a physics-based latent diffusion model (PBLDM). The architecture
contains three coupled modules: a pretrained VAE encoder £ with a modified decoder D,
a text-conditioned latent U-Net denoiser Fy, and a physics-based neural renderer. The

overall objective is to keep the latent space compatible with Stable Diffusion while changing
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the decoder target from RGB-only reconstruction to joint RGB and G-buffer prediction.
We denote the input RGB image as I and the latent representation as Z,. Training is
staged: we first adapt the decoder to reconstruct both RGB and material maps, then
fine-tune the denoiser in the same latent space, and finally optimize the renderer using the

decoded material outputs.

Architecture Overview. Architecturally, the VAE branch retains the pretrained Stable
Diffusion decoder trunk as a shared upsampling backbone and introduces task-specific
prediction layers only near the output. This preserves the coarse semantic structure already
aligned with the latent distribution while allowing the final prediction stage to specialize
for different modalities. The RGB head outputs a standard 3-channel reconstruction used
to keep the latent space anchored to the pretrained model. The G-buffer head outputs
a 12-channel material stack grouped as albedo, roughness, specular reflectance, depth
or view coordinates, normals, and foreground mask. The denoiser remains the standard
latent U-Net from Stable Diffusion: it takes a noisy latent, a timestep embedding, and
text conditioning, and predicts the noise residual in the same latent space. The renderer
is attached after decoding and converts the predicted material maps into the final RGB
image under controllable illumination. In other words, the off-the-shelf components are
the pretrained VAE encoder, the shared decoder backbone, and the latent diffusion U-Net,
while the task-specific additions of this chapter are the G-buffer prediction head, the staged
training scheme, the MLLM prompt-enhancement step, and the renderer attachment that

converts decoded materials into relightable RGB output.

Multi-head VAE for Facial Materials Decoding. Given an RGB image and its
G-buffer Irapa, our work necessitates the simultaneous reconstruction of the input image
and multiple material textures. Specifically, we encode Irgps with a VAE encoder £ to

get the latent feature Z:
Zo = E(Ircpa) (5.1)

We propose a multi-head VAE decoder inspired by previous work [130] to decode the
latent representation Zj, reconstructing the input image I and the PBR materials through
an RGB head and a G-buffer head, respectively. Within the overall pipeline shown in
Figure 5.2, the decoder first passes Z; through a shared decoder trunk D, and then
branches into two modality-specific heads. The shared trunk is responsible for recovering
coarse semantic and geometric structure, whereas the output heads specialize in appearance
reconstruction and material prediction. This separation reduces cross-task interference

while keeping both outputs aligned to the same latent representation. The overall procedure
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is defined by Equation 5.2:

f = Drgb<Dshr<Z0))

o (5.2)
A7R7 S7D7N7M = nguf(DshT(ZO))

where Dy, denotes the shared decoder layers, D, g, and Dy, s are the RGB and G-buffer
heads, and the two branches preserve the same output resolution while producing different
channel groups. Here, I € [0,1]? is the predicted RGB image; D € [0,1]3, N € [0,1]?, and
M e [0, 1] are the predicted depth or coordinate map, normal map, and mask, respectively;
and A € 0,1]3, R e [0,1]!, and Se [0,1]! are the albedo, roughness, and specular texture

maps. We normalize the ranges of D and N to stabilize training.

The multi-head VAE decoder is trained by minimizing the objective functions (Equa-

tion 5.3) via optimizing the neural network parameters ¢:

arg;nin Liotat(Dy(E(IrcBc)), lar) (5.3)

& in Equation 5.3 is the pretrained VAE encoder [130], whose parameters remain frozen
during training. This prevents drift in the latent distribution and makes the subsequent
denoiser fine-tuning more stable. I5r denotes the corresponding supervision collected in
the previous phase. The total loss is defined in Equation 5.4; empirically, we set A to 0.5

for stable convergence.

Etotal = £rgb + ﬁnormal + Ematem’al

(5.4)
+ Ecoords + )\lfcmask + )\2/:'kl

More specifically, L. combines modality-specific supervision terms. We use Mean
Squared Error (MSE) for RGB reconstruction, view coordinates, and the material chan-
nels albedo, roughness, and specular reflectance. For compact notation, we concatenate
these material maps along the channel dimension as M = concat(A, R, S ), as shown in

Equation 5.5:

1
Loy = — I—1
gb Nb lz:; || ||2
1
'Ccoor s — N7 CAn - Cz 5.5
d Nb ZZI || v v||2 ( )
1 &
EmateT'ial = Fb ; HMz - Ml”2

We use a cosine-similarity loss (Equation 5.6) to supervise surface-normal prediction.

For the foreground mask, we use a combined loss consisting of BCE, Dice, and boundary
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terms (Equation 5.7).

N-N
*Cnormal = 1= Z:A— (56)
[ N[[NV]]
1 X
Loce =~ ZZI[Mi log(M;) + (1 — M;)log(1 — M;)]
25 M, - M,
Lpice=1- 2 (5.7)

DM+ M;
£Boundm"y = / ]VP\CZQJ, P = Softmax(M)
Q
The KL loss maps the learned latent distribution to a standard normal distribution so

that the latent can be sampled reliably during diffusion training, as defined in Equation 5.8,

where P is the learned distribution.
Ly = KL(P||N) (5.8)

After training, our multi-head VAE can encode the PBR materials as well as output its

variational latent feature Z, for the following diffusion-based generative training.

Facial Material Synthesis. We employ a latent diffusion model (LDM) operating in
the latent space of the trained VAE. As shown in Figure 5.2, an input RGB image [ is
first mapped into the VAE latent space via Zy = E£(I).

The forward process of diffusion model is fixed and adds noise to the latent feature

iteratively (Equation 5.9):

(2| Zi—1) = N (Zy; S Zi—1, (1 — ay)T) (5.9)

where t = 1...N denotes the denoising step and the variance o, defines the noise sched-
ule [53], the noisy samples Z; in any t step are obtained with the standard Gaussian

reparameterization (Equation 5.10):
Zy = NayZy+1 —awe, €~ N(0,1) (5.10)

We follow the standard noise-prediction training strategy for diffusion models, where a
U-Net denoiser Fy predicts the added noise € at each timestep under text conditioning,

minimizing the following objective function (Equation 5.11):
argmin L£(Fp(t, x), €) (5.11)
0

where £ is the Mean Squared Error (MSE) loss, x is the conditioning signal (text prompts
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in our case), and € is the noise added to Z; at timestep t. Importantly, the denoiser
architecture itself is not replaced; instead, it is fine-tuned so that its output latents remain
compatible with the modified decoder and therefore decode into both realistic RGB content
and physically meaningful G-buffer maps.

During inference, Z; is sampled from the standard normal distribution N (0,I). The
reverse diffusion process then iteratively denoises this latent code, progressively synthesizing
novel features that adhere to the target distribution. Finally, a trained decoder translates
the synthesized latent representations into physics-based rendering (PBR) materials.
Fine-grained Synthesis Control with MLLM Guidance. To improve text-guided
material generation, we design a training-free prompt enhancement procedure that leverages
a multi-modal large language model (MLLM). Concretely, we define a facial-description
template covering appearance, structure, and illumination cues. The MLLM analyses the
user prompt, fills in missing fields, and rewrites underspecified descriptions into a complete
prompt that remains within the token budget of the diffusion backbone. This improves the

conditioning signal without modifying the diffusion architecture itself.

5.3.4 Physics-based neural deferred rendering

We draw inspiration from the physics-based neural deferred rendering approach in [49]
to implement our rendering procedure. The goal is to solve the rendering equation in
Equation 5.12 from the synthesized G-buffer textures using a learnable but physically

conditioned renderer.

zm(v)zzjgfxv,nz@a)gl-ndl (5.12)

where L,(v) is the outbound radiance leaving in direction v; it is the integral of the incident
light L;(1) from every possible direction 1 across the hemisphere €2, centered around the
surface normal n. F'(v,l) is the Bidirectional Reflectance Distribution Function (BRDF)
describing how the surface reflects light.

The classical renderer in [49] assumes forward-rendering inputs, whereas our G-buffer
supervision is obtained from an inverse-rendering pipeline and therefore contains systematic
estimation error. A learned renderer is better suited to this setting because it can absorb
bias in the estimated materials while still remaining conditioned on physically meaningful

variables.
/ﬁ@mﬁmvﬁﬂmymﬂemﬁ3 (5.13)
Q

Architecturally, we reuse the two-stage neural shader design introduced in Chapter 4
rather than introducing a separate black-box renderer. After positional encoding of the local
material attributes and lighting directions, a diffuse branch predicts a view-independent
feature, and a second view-dependent branch combines this feature with the outbound

direction to produce the final RGB contribution for each sampled incident ray. In this
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way, the renderer keeps the same physically motivated factorization as the Chapter 4
shader while now operating on G-buffers predicted by the generative model. The neural
rendering process in Figure 5.2 is defined by Equation 5.13, where fy is parameterized by
0, a,n, s, r are the albedo, normal, specular, and roughness properties of one pixel, v and 1
are the outbound and inbound directions, respectively, and L;(1) is the incident radiance
from direction 1. In our implementation, the renderer is trained jointly with the VAE
branch, which increases GPU memory usage. To improve efficiency, we replace the uniform
sampling strategy in [49] with Monte Carlo importance sampling [153]. The approximation
is defined in Equation 5.3.4:

Lo(z,w,) ~ %i Li(w;) fr (2, w;, w,)|cost;|

‘ () , wi ~ p(w)

where L,(x,w,) is the outbound radiance, L(w;) is the incident radiance along w; direction,
fr(x,w;, w,) is the bidirectional reflectance function (BRDF), p(w;) is the probability density
function (PDF) used by importance sampling.

5.4 Experiments

To evaluate the model, we design three experiments covering generation, content editing,
and relighting, each compared against multiple baselines. We first describe the experimental
setup, then present qualitative and quantitative comparisons, followed by an ablation study

and an application example.

5.4.1 Implementation Details

We use pretrained Stable Diffusion models (SD 1.5, SD XL, SD 3.5, and Flux.1.0-dev) as
the backbones in all experiments. The training schedule follows the modular design of
the architecture. First, we fine-tune each model’s VAE decoder to learn the additional
G-buffer branch while keeping the encoder fixed. Second, we train the neural renderer from
scratch using the decoded material outputs. Third, we fine-tune the latent U-Net denoiser
with the augmented prompts so that sampled latents decode into controllable materials
rather than RGB images alone. We use the AdamW optimizer with learning rates of 5e-6
for diffusion-model training and 5e-5 for neural-renderer training. The VAE and neural
renderer are trained for 40 epochs, and the U-Net is trained for 20 epochs. The overall

training process runs on a single RTX 4090 GPU and converges within roughly 40 hours.
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Figure 5.3: Comparison of text-to-image generation results. The red, blue, and orange text
highlight the augmented appearance, structure, and illumination descriptions, respectively.

5.4.2 Qualitative Evaluation

The generation experiment evaluates the quality of text-to-image generation for portrait
photos. Our work builds upon several pretrained diffusion models. Because SD 3.5 and
Flux.1.0-dev introduce large-scale Th text encoders that support up to 256 tokens, prompt
quality is easier to improve through long-form descriptions in those systems. We therefore
focus on evaluating the effectiveness of our MLLM enhancement method on SD 1.5 and
SD XL, which accept at most 77 input tokens.

Figure 5.3 illustrates the text-to-image generation results of our method and the baseline
models (SD 1.5, SD XL). The top row shows generation results from the basic prompt,
while the bottom row shows the results with the enhanced prompt. The augmented prompt
clearly improves image quality. Our MLLM augmentation pipeline formulates a standard
prompt structure that includes appearance, structure, and illumination information. It fills
in missing parts of the basic input and adds detail where the original phrasing is vague.
For example, a generic middle-aged description in the basic prompt is replaced by a more
specific age cue in the augmented prompt.

Next, we compare relighting results against several state-of-the-art baseline models,
including SD 3.5 [27], Flux [82], and IC-Light [183], which are widely used for illumination

editing. These comparators are appropriate because SD 3.5 and Flux test direct generative
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Figure 5.4: Qualitative comparison of the relighting experiment. Our method preserves
content identity more consistently than other text-to-image generation models and demon-
strates stronger photorealism than the other generative baselines.

relighting, whereas IC-Light tests identity-preserving image-to-image lighting control.
Figure 5.4 shows the relighting result of each approach. Compared with other text-
to-image methods, our approach first generates the G-buffer from text input and then
performs relighting directly on the generated G-buffer, thereby preserving object identity
under new lighting conditions. In contrast, SD 3.5 and Flux apply relighting through
a generative process, which causes variations in both content and pose across samples.
IC-Light maintains content identity more effectively, but its illumination changes remain

less consistent than those of our method.

5.4.3 Quantitative Evaluation

We also compare generation and relighting performance quantitatively. Because there is
no pixel-wise ground truth for open-ended generation, we evaluate each approach using
Inception Score (IS) [133], Fréchet Inception Distance (FID) [50], and Kernel Inception
Distance (KID) [8]. Higher IS and lower FID or KID indicate better agreement between
the generated distribution and the target dataset distribution.

We first evaluate text-to-image generation against two baseline models, SD 1.5 and
SD XL, to test the effectiveness of the MLLM augmentation pipeline. Table 5.1 reports



74 CHAPTER 5. SHADING BASED DIFFUSION MODELS

the quantitative comparison between our text-to-image pipeline built on top of SD 1.5
and SD XL and the two vanilla Stable Diffusion backbones on both the CelebA-PBR-Text
(CP) and FFHQ (FP) benchmarks. Because CelebA and CelebA-PBR-Text share image
content, we use the RGB images from the evaluation split of CelebA-PBR-Text throughout
the following experiments. We generate 2,000 samples for each method, using the basic
prompts for the vanilla models and the augmented prompts for our models, and compute
the similarity metrics against the same number of dataset samples.

As shown in Table 5.1, both of our models substantially outperform their respective base
models. Ours(SD 1.5) achieves an IS of 2.910/2.909 on CP/FP, compared with 2.013/1.901
for SD 1.5. Similarly, Ours(SD XL) yields 2.935/2.926 versus 2.342/2.316 for SD XL.
This indicates that our modifications improve the diversity and coverage of the generated
samples. Our method also delivers much lower FID scores, confirming higher perceptual
quality. On CP, Ours(SD 1.5) reduces FID from 2.103 to 0.879, and Ours(SD XL) from
1.527 to 0.893. A similar trend appears on FP, where FID improves from 1.945 to 1.294 for
SD 1.5 and from 1.526 to 1.132 for SD XL. We also obtain the lowest KID values overall.
In particular, Ours(SD 1.5) reaches only 0.036/0.101 on CP/FP, which is a substantial
reduction relative to the baselines. These results show that the pipeline improves sample

fidelity and consistency regardless of whether SD 1.5 or SD XL is used as the backbone.

IS 1t FID | KID |

CP FP CP FP CP FP
SD 1.5 2.013 1.901 2.103 1.945 0.324  0.433
SD XL 2.342 2316 1527 1526 0.165 0.147

Ours (SD 1.5) 2910 2909 0.879 1.294 0.036 0.101
Ours (SD XL) 2.935 2.926 0.893 1.132 0.051 0.084

Abbreviations. CP: CelebA-PBR-Text; FP: FFHQ.

Table 5.1: Quantitative evaluation of text-to-image generation on the CelebA-PBR-Text
and FFHQ benchmarks, comparing the proposed decomposed pipeline against vanilla
Stable Diffusion backbones.

We also evaluate the relighting experiment quantitatively in Table 5.2 against three
state-of-the-art baselines, SD 3.5, Flux 1.0, and IC-Light, on the CelebA-PBR-Text (CP)
and FFHQ (FP) datasets. SD 3.5 and Flux achieve strong IS scores (around 2.7) but show
weaker FID and KID values, indicating that direct generative relighting does not preserve
image statistics as reliably as our decomposed pipeline. IC-Light achieves the highest IS
(2.812/2.983) but still produces moderate FID (1.032/1.107) and KID (0.105/0.155). Our
ShadingFusion method achieves the lowest KID and near-best FID among the compared
methods. These results support two claims: first, direct relighting in G-buffer space
preserves identity more consistently than purely generative relighting; second, combining

the neural renderer with importance sampling yields a strong balance between sampling
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efficiency and perceptual fidelity. The role of each component is further analysed in the

following ablation study.

IS 1 FID | KID |
CP FP CP FP CP FP
SD 3.5 2.748  2.734 0991 0986 0.111  0.189
Flux 1.0 2671 2785 0.982 0.991 0.113  0.177
IC-Light 2.812 2.983 1032 1.107 0.105 0.155

Ours (GGX) 1.225  1.203 2506 2630 0.559  0.661
Ours (BP) 1130 1.201 2412 2531 0.638  0.576
Ours (US) 2811 2621 0936 0972 0.105 0.158
Ours (IS) 2.820 2633 0994 0.971 0.103 0.153

Abbreviations. US: uniform sampling; IS: importance sampling [153];
GGX: Trowbridge-Reitz GGX model [154]; BP: Blinn-Phong shading
model [9]; CP: CelebA-PBR-Text; FP: FFHQ.

Table 5.2: Quantitative evaluation of the relighting experiment on the CelebA-PBR-Text
and FFHQ benchmarks, comparing direct generative relighting baselines with classical-
shading and neural-rendering variants of our pipeline.

5.4.4 Ablation Study

We conducted an ablation study to evaluate the importance of the different components of
the ShadingFusion pipeline following the same protocol as in Section 5.4.3. Ours (GGX)
and Ours (BP) in Table 5.2 replace the neural renderer with classical GGX [154] and
Blinn-Phong [9] shading, respectively. When fixed GGX or Blinn-Phong shading is used
without importance sampling, IS drops dramatically, reflecting inefficient exploration of
the lighting space, while FID and KID degrade strongly. Ours (US) replaces importance
sampling with Monte Carlo uniform sampling. This recovers competitive FID and KID,
but IS remains below the best-performing models. Ours (IS) uses Monte Carlo importance
sampling [153| in the neural renderer, restoring IS to the level of the strongest baselines
while achieving the lowest KID and near-best FID. We therefore select the neural renderer

with importance sampling as the final rendering design.

5.5 Conclusion

In this chapter, we introduced ShadingFusion, a decomposition-based text-to-image pipeline
that shifts the generative target from final RGB pixels to editable physics-based scene
attributes. The experiments indicate that this formulation preserves image quality while
enabling a capability that standard text-to-image models do not natively provide: relighting

after generation with stronger identity consistency across lighting changes. The chapter also
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introduced CelebA-PBR-Text as a paired dataset of portraits, estimated PBR attributes,
and text descriptions for studying this problem.

The method still has important limitations. The generated representation is a 2D
image-plane G-buffer rather than a full 3D scene description, so viewpoint control remains
limited compared with explicit 3D methods. The decomposition quality is also bounded
by the inverse-rendering estimates used for supervision and by the degree to which the
neural shader respects physical constraints such as energy conservation. These limitations

motivate the move to 3D Gaussian scene generation in Chapter 6.



Chapter 6

Dift GSPBR.: Physics-Based Rendering of
Generative Gaussian Splats for

Decomposed 3D Synthesis

The G-buffer representation in Chapter 5 enabled relighting but still tied the generated
content to a single image plane. Although that decomposition made illumination editable
after generation, it did not provide a true scene representation: geometry remained implicit
in image space, viewpoint changes were limited, and the generated result could not be
manipulated as a consistent 3D object. The next step in the thesis is therefore to ask
whether the same rendering-aware principle can be extended from relightable 2D images to

relightable 3D scenes.

In the 3D setting, the model must not only synthesize visually plausible content, but also
maintain consistency across views while separating geometry, material, and illumination
into components that remain useful for later editing. A successful method must therefore
achieve several goals simultaneously: generate coherent 3D structure, preserve photorealistic
appearance, support relighting under new environments, and allow viewpoint changes
without collapsing the scene representation. These requirements go beyond standard
text-to-3D or image-to-3D generation, where appearance is often learned as a fused output
rather than as an editable decomposition.

This chapter addresses RQ3 1.3 in the 3D setting by integrating generative Gaussian
splatting with physics-based deferred rendering. The resulting framework, Diff GSPBR,
combines a generative 3D Gaussian backbone with decomposition modules for material and
illumination, together with a rendering stage that reconstructs the final RGB appearance
from those predicted scene attributes. In this way, the chapter extends the thesis argument
from controllable 2D image synthesis to editable 3D scene generation, and studies whether
rendering-aware decomposition can be introduced into a generative 3D pipeline without

sacrificing generation quality.

7
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6.1 Introduction

Chapter 5 demonstrated that intermediate physics-based representations can decouple
generation from rendering, but the resulting G-buffer remains a 2D representation and
therefore cannot provide true viewpoint control under standard model-view-projection
transformations. In this chapter, we move to a 3D generation pipeline that synthesizes
a scene with decomposed geometry, materials, and illumination, enabling fine-grained
control over both camera pose and relighting. Specifically, the complete representation
of 3D scene can be divided into three parts, geometry, material, and illumination. Thus,
synthesizing a novel 3D scene requires jointly generating these three components. Our
method demonstrates this capability in Figure 6.1, which shows geometry synthesis, material
decomposition, and relighting from a single image or prompt.

Diffusion based generative models [53, 129] have made great advances in generating 3D
geometry with pre-computed color. Some works train conditional 3D generative models
directly on datasets of various 3D representations [114, 63, 11, 46, 180, 96| or performing
the rendering supervision by using differentiable rendering techniques |2, 68, 145]; other
works reconstruct the implicit 3D representation by utilizing pretrained multi-view diffusion
models [86]. Although these works can conditionally generate 3D contents with high quality
and view consistency, none of them can decompose the generated 3D scene to enable
further editing function for the material and illumination. Other material generative
models [189, 168] focus on the generation of physics-based materials conditioned by the
mesh or textual input, rather than generating the decomposed representation of a 3D scene.

Inverse rendering techniques recover the physical parameters of a given 3D scene
including the geometry, material and illumination from captured images [5|. A common
method is to initialize the unknown attributes of a 3D scene as the trainable parameters,
and then are optimized by the reconstruction loss between the posed rendering image and
ground truths. Recent research of inverse rendering has adopted the Neural Radiance
Fields (NeRF) [110] to reconstruct the geometry of the 3D scene, but face challenges in
modeling the physical attributes of scenes as its implicit representation. More recently, 3D
Gaussian Splatting (3DGS) [74] has emerged as a popular and efficient 3D representation.
It offers a lightweight parameterization that explicitly encodes both geometric structure and
appearance through a set of spatially distributed Gaussians. Many studies [62, 138, 95, 33,
160, 15] attempt to use 3DGS in inverse rendering framework, successfully decoupling color
from the interaction between lighting and surface materials by incorporating physics-based
rendering (PBR).

Drawing inspiration from generative Gaussian splatting models [96] and deferred 3D
Gaussian rendering [160, 15|, we propose Diff GSPBR, a novel generative gaussian splatting
model that integrates physics-based rendering (PBR) in a deferred 3D Gaussian rendering

pipeline to produce 3D scenes with material and lighting decomposed. In summary, our
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Figure 6.1: Our method enables end-to-end synthesis, decomposition, and physics-based
rendering of 3D Gaussian splats (3DGS). Given a single image or text prompt, we generate
3DGS geometry and predict surface attributes like normal, albedo, and roughness. A
Gaussian deferred renderer produces high-quality novel view synthesis and the deferred
shading under the environment lighting. Central to our framework is a self-supervised
decomposition pipeline built on a pretrained generative prior, combined with a deferred
rendering pipeline that disentangles appearance and illumination.

contributions are:

e We present DiffGSPBR, a self-supervised 3D synthesis decomposition framework
which generates 3D Gaussian splats with decoupled physics-based materials and

llumination.

e We propose the Gaussian material score distillation by using a pretrained material

diffusion model, mitigating the metal degradation during the PBR material estimation.

e Extensive experiments demonstrate the superior performance of the proposed method,

and ablation studies are conducted to analyze the effectiveness of each design choice.

6.2 Related Works

6.2.1 3D Generative Models

Recent advances in diffusion-based generative models [53, 142| have sparked growing interest
in 3D content generation. Existing methods can be broadly categorized into three types:
Native 3D, rendering-based, and reconstruction-based. Native 3D models directly train
diffusion networks on explicit or implicit 3D representations, such as voxels [58, 112, 149|,
point clouds [103, 114|, implicit fields [100, 182, 89|, triplanes [14, 141, 156, and 3D
Gaussians [46, 180]. While offering 3D consistency, these methods rely on large 3D datasets
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and cannot benefit from pretrained 2D models. Rendering-based methods optimize 3D
content under 2D supervision using differentiable rendering [110], as seen in works like
HoloDiffusion [68, 67|, GIBR [1], and DMV3D [167]. Though data-efficient, they often
entangle geometry and appearance, limiting interpretability. Reconstruction-based methods
synthesize multi-view images via 2D diffusion, then reconstruct 3D representations [155,
137, 139, 41]. Studies including Instant3D [86] and LRM-based pipelines [55, 152], as well
as VoISDF [170] and FlexiCubes [135, 136] suffer from reliance on view consistency and
fragile two-stage designs. Despite their progress, existing paradigms often suffer from slow
optimization, high data requirements, and limited rendering efficiency. These limitations
have motivated recent interest in 3D 3DGS [74], a lightweight and explicit 3D representation

that supports real-time differentiable rendering and compact geometry modeling.

6.2.2 Generative 3D Gaussian Splatting Models

Generative models based on 3DGS [74] offer a promising direction for efficient 3D content
synthesis. Diffusion-based approaches such as GSGEN [18] and DiffSplat [96] leverage
pretrained 2D diffusion models to directly generate 3D Gaussian primitives with high visual
fidelity. Other pipelines integrate Score Distillation Sampling (SDS) [107] with 3DGS
initialization to accelerate training and improve generalization. GaussianDreamer [172| and
AGG [163] use 3D diffusion or amortized networks for fast generation, while DreamGaus-
sian [148] and LucidDreamer [94] constructs full 3D scenes by progressively densifying lifted
point clouds, and improves pseudo-ground truth consistency via interval score matching
and DDIM inversion. Text2Immersion [117] refines 3DGS in two stages with additional
views, and despite these advances, most existing methods still entangle geometry, appear-
ance, and lighting, limiting control and physical interpretability. In contrast, this chapter
introduces a physics-based generative framework that explicitly decomposes material and
illumination during the 3DGS synthesis, enabling editable and semantically consistent 3D

scene generation.

6.2.3 Physics-Based Scene Decomposition and Inverse Rendering

Physics-based scene decomposition aims to separate intrinsic scene properties such as
geometry, materials, and illumination from observed appearance. Classical intrinsic image
decomposition methods [92, 106] estimate reflectance and shading from a single image, but
lack 3D consistency and cannot generalize to view-dependent effects. Inverse rendering
techniques, on the other hand, recover scene-level physical attributes by optimizing the
reconstruction loss between rendered and captured images [5]. Typically, these methods
initialize geometry, materials, and lighting as trainable parameters, and jointly refine them

to match posed ground truths. Recent work has incorporated NeRF [110] into inverse
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Figure 6.2: Our Dift GSPBR Framework: Generating, Decomposing, and Rendering 3D
Gaussian Splatting in Three Stages.

rendering, achieving compelling geometry recovery, but struggles to explicitly disentangle
materials and lighting due to its implicit representation. Building on 3DGS representations,
a growing number of scene-specific inverse rendering methods [62, 138, 95, 33, 160, 15|
combine it with PBR to separately model lighting and surface properties. However, these
pipelines rely on captured multi-view images or dense video sequences as input, and
lack generalization beyond specific scenes. In contrast, we propose a unified generative
framework that incorporates material and illumination decomposition during synthesis,

enabling editable and relightable 3D generation.

6.3 Preliminaries

6.3.1 Structured 3D Gaussian Splatting

The standard 3DGS dynamically optimizes a set of Gaussian splats to efficiently represent
the geometry of a single scene; however, it is scene specific. Structured 3D Gaussian
Splatting [74] assigns Gaussian splats to the 2D image grid to bind each splat to a fixed
image pixel. This structured formulation enables learning priors or estimating parameters
directly from a neural model. Specifically, each 3DGS primitive is explicitly parametrized

by a multivariate Gaussian distribution:

G(l’) = 6_%(7:_/‘)7“271(73_#)7 (61)

where 1 € R? is the mean, representing the position of the Gaussian in 3D space, and
¥ € R3%3 is the covariance matrix, encoding its spatial extent, scale, and orientation. Each
Gaussian is further assigned a color ¢ € R? and an opacity value a € R, jointly defining its

visual appearance. In the rendering process, the structured 3DGS is projected onto the 2D
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image plane using standard EWA splatting [193|. Each screen pixel color is obtained by
a-blending the projected Gaussian splats sorted by depth, as follows:

i—1

C = ZTiciai, with T; = H(l — o) (6.2)

1eN j=1

Here, N denotes the set of Gaussian splats sorted by depth, «; € [0, 1] is the opacity of
the ¢-th splat, and T; represents the accumulated transmittance, computed as the product

of (1 — a) over all preceding splats.

6.3.2 Physics-based Deferred Rendering

PBR is a rendering approach that models the light-surface interaction of an object. PBR
frameworks generally adopt microfacet-based reflection models that enforce energy conser-
vation and view-independent material behavior. Practical systems, such as the metallic-
roughness workflow, often parameterize materials using albedo, roughness, and metallicity.
The deferred rendering is to delay the reflectance calculation until after the rasterization
process, only calculate the shading color for the visible points of the screen. Given the
position x and normal vector n of a surface point, the outbound light L, from view direction

w, can be calculated by the standard rendering function [65]:

Lo(w,, ) = /er(wo,wi,x)Li(wi,x)(wi - n)dw;, (6.3)

where ) is the upper hemisphere centered at x and f,(w,,w;, =) is the bidirectional
reflectance distribution function (BRDF'), parameterizing the ratio of reflectance between
the outbound light L, on the direction w, and inbound light L; on the direction w; based
on the material of the position . We use the widely adopted Cook-Torrance BRDF model
[20] in this project. It decomposes reflectance into a diffuse component f; and a specular

component f, as shown in Equation 6.4:

fr(wo, wis ) = fa(x) + fs(wo, ws, ) (6.4)

The functions f; and f, govern, respectively, the diffuse and specular components of

the surface reflectance. The diffuse term is given by:

falz) = (1 —m)=> (6.5)

™

where a € [0,1]3 is the spatially varying albedo and r € [0, 1] is the metallic parameter.
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The specular term is expressed as

D(h7 r)F<w07 h7 a, m)G<w27 Wo, h? I')

s\Wo, Wi ) = s 6.6
fs(wo, wi) - w) () (6.6)
where r € [0, 1] is the surface roughness. h = % is the half vector. D(h;r) is the

normal distribution function (NDF), F(w,, h;a, m) is the Fresnel term, and G(w;,w,, h;r)
is the geometric attenuation.
Combining these, the outgoing radiance L, at position x for view direction w, decomposes

into diffuse and specular contributions:

Lo(we, ) = Lyg(x) + Ls(w,, x) (6.7)

with
Li(z) :/dei(wi,x)(wi-n)dwi (6.8)
La(z) = / FuLi(ws, 2) (w; - 1) dor (6.9)

Here, L;(w;, x) denotes the incident radiance from direction w;, n is the surface normal, and
the integrals are taken over the hemisphere 2. This formulation cleanly separates energy
transport into a Lambertian base modified by metallicity (f;) and a microfacet-based

specular reflection (fs).

6.4 Method

6.4.1 Task Definition

We formulate the task in this chapter as editable 3D generation with decomposed scene
attributes. The input can be either a text prompt or a single image. The output is a
structured 3D Gaussian scene together with estimated material attributes and environmental
illumination, from which RGB images can be rendered under arbitrary viewpoints and
lighting. Compared with Chapter 5, the objective is no longer to generate a single relightable
image but to generate a relightable and view-consistent 3D scene representation.
Motivated by recent advances in web-scale 3D content generation from diffusion-based
generative Gaussian splatting [148, 172, 163, 94|, and novel Gaussian-splatting-based
inverse-rendering approaches, our target is to decompose the synthesized 3D scene to
enable material and illumination editing on generated Gaussian primitives. We present
Diff GSPBR, a self-supervised framework for generating 3D scenes with decomposed physics-
based materials and illumination. As illustrated in Figure 6.2, the pipeline consists of

three stages: in the first generation stage, structured 3D Gaussian splats are synthesized
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from image or text input and rendered into posed views for self-supervision (Section 6.4.2);
in the second decomposition stage, the synthesized scene is disentangled into “pseudo”
physics-based material properties and environmental illumination (Section 6.4.3); and in
the final rendering stage, a physics-based renderer with deferred shading and differentiable
path tracing is used to re-render the scene, supervised by reconstruction loss against the

rendered ground truth (Section 6.4.4).

Architecture Overview. The full architecture combines one off-the-shelf generative
backbone with two decomposition-specific prediction heads and one rendering module.
The generative backbone is a diffusion U-Net plus GS-VAE decoder that synthesizes the
Gaussian scene itself. On top of this backbone, we add a local material-estimation head
Fat and a global illumination-estimation head Fjigne. This split is deliberate: material
should stay spatially aligned with individual Gaussian features, whereas illumination should
be shared across all rendered views. The final renderer consumes the predicted material
maps, cubemap lighting, depth, and normal buffers to produce the RGB supervision signal
used for self-supervised optimization. Thus, the off-the-shelf part of the architecture is the
pretrained DiffSplat-style Gaussian generator, while the task-specific additions introduced
in this chapter are the material head, the lighting head, and the deferred rendering loop

that enforces a physically meaningful decomposition after generation.

6.4.2 Structured 3D Gaussian Parameter Generation

Inspired by recent generative Gaussian splatting methods such as DiffSplat [96], we
represent 3D objects using multi-view Gaussian splat grids. Given an image or text prompt,
an off-the-shelf diffusion U-Net denoiser generates Vi, posed latent features in the splat
latent space [96]. These latent features are decoded by a GS-VAE into a set of Gaussian
primitives G = {g;},, each aligned to a fixed-resolution 2D grid. In our implementation,
this backbone is responsible only for geometry and appearance synthesis; the decomposition
modules described next are intentionally attached as lightweight heads rather than replacing
the generator itself.

To provide supervision for the subsequent material and illumination estimation, we
render Vg, posed images Iy from the structured Gaussian as ground-truth views where
Vout 1s the number of output views, I is the rendered ground truth image. In addition,
we extract geometry features including depth (d) and surface normals (n) in this stage.
For depth rendering, we follow the approach proposed in GS-IR [95]: the per-pixel depth
is computed as the expected depth along a camera ray:

N
d= Zwidi, where w; = i (6.10)
i=1

N Y
Zj:l Tioy
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where N is the number of sampled points along the camera ray, «; denotes the opacity of
the i-th splat, and T is the accumulated transmittance. For normal rendering, we treat
normals (n) as attributes associated with each Gaussian and apply a-blending to obtain

the final normal map.

6.4.3 Physics-Based Scene Decomposition

In the second stage, we decompose the synthesized 3D scene by estimating PBR materials

and illumination.

Material Decomposition The standard 3DGS makes it difficult to associate material
attributes, as it is not compatible with the standard microfacet-based BRDF model [4]. To
enable PBR within the 3DGS pipeline, we incorporate a deferred rendering technique [160],
which performs shading on projected 2D texture maps and bypasses the need for explicit
geometry computations.

Specifically, we design a material estimator F},,¢, a lightweight local prediction head that
estimates per-pixel pseudo-material parameters for the Gaussian splats. To capture object-
aware information, we take the late-stage feature map X, from the final convolutional
layer of the GS-VAE decoder as input. The estimator preserves the spatial layout of this
feature map and performs only local feature refinement before the final channel projection,
because material parameters should remain aligned with the generated Gaussian geometry

rather than be mixed globally across views.

g9; = Fmat(xlate) (611)

As shown in Equation 6.11, Fy,,; predicts material parameters g; € [0, 1]°, including
albedo a € [0,1]3, roughness r € [0, 1], and metallicity m € [0,1]. Operationally, the
head acts as a dense per-location regressor: each spatial location in X, is mapped to
one material vector, and neighbouring locations interact only through the local receptive
field of the head. These per-splat material parameters are then rasterized using standard

a-blending to produce pseudo-material texture maps for the subsequent rendering stage.

INlumination Decomposition Unlike material attributes, illumination is a global factor
that influences all rendered views. We therefore design a light estimator Fjigne that performs
the opposite aggregation pattern to F,.: it discards fine spatial detail and predicts one
shared scene-level lighting representation. The estimator takes an early feature map Xeqriy
from the GS-VAE decoder as input (Equation 6.12). Specifically, given the multi-view
latent features Vi, from the diffusion denoiser, we extract Zcamy, the output of the first
convolutional layer, with shape Vi, x 512 x 32 x 32. We then apply average pooling to
suppress high-frequency noise and aggregate the features into a compact global descriptor,

from which Fjgp regresses a cubemap light L., represented by six directional light maps,
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as shown in Figure 6.3.
Lcube = Eight (Xearly) (612)

This division of labour between Fi,,¢ and Figne is important for stability. Fi,.c remains
attached to late, high-resolution features because those features retain local object structure,
while Fjigne uses early, lower-frequency features because illumination should be shared across

the full object and across viewpoints.

6.4.4 Physics-Based Gaussian Deferred Rendering

We reconstruct the decomposed scene at this stage to optimize the material and illumination
estimators. The renderer is not a new scene generator; instead, it is the supervision module
that closes the loop between predicted materials, predicted lighting, and RGB reconstruction.
To capture view-dependent illumination accurately, we divide global illumination into direct
light 4" and indirect light L™

Direct Lighting Modeling We employ image-based lighting (IBL) for the direct-light
component. As shown in Equation 6.5, the outgoing radiance can be decomposed into
a diffuse component L, and a specular component L,. For the diffuse term, we further

separate direct and indirect incident light, as shown in Equation 6.13:

La(z) = (1 —m) ™ /Q (L9 (s, ) + L (s, 7)) (w: - ) (6.13)

™

Equations 6.14 and 6.15 calculate the irradiance of direct lighting L%" in the visible
region ,;; and indirect lighting Li"® in the occluded region €, of the upper hemisphere
(Qvis U roc = Qa Qvis N roc = ®>

Lir = (1 - m)g/ L (wiy @) (w; - n)dw, (6.14)
m Wyis

Lfind _ (1 _ m)g / LGd(w“ :[7) (wi . n)dwz (615)
™ Woce

We then approximate these two integrals using the direct irradiance Iy, and indirect
irradiance I;,4. Here, m and a are the metallicity and albedo introduced in Section 6.3.2,

and an occlusion term O(x) approximates visibility, as shown in Equation 6.16.
a a
Ly(x) =~ (1— m);O(x)Idir(x) + (1 — m);]md(x) (6.16)

For the specular component L, we use the widely adopted split-sum approximation [66]
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(a) (b)

Figure 6.3: I[lustration of our cubemap-based indirect lighting estimation. (a) Path tracing
is performed from each surface point to evaluate ambient occlusion and visibility. (b) A
cubemap is rendered from the surface point by capturing the scene from six orthogonal
directions. This cubemap encodes directional occlusion and shading information, enabling
efficient visibility-aware integration of indirect lighting.

to handle the intractable integral, as shown in Equation 6.17:

DFG
L, = /Q T w)(n o) Li(w;, x)(w; - n)dw;

DFG
~ / —dwi/ Li(w;)D(wi, w,)(w; - n)dw; (6.17)
BRDF ;rmfegral R Pre—filte’r;drenvmap Is

where R represents the integral of BRDF under a constant environment light map, which
can be precomputed and stored in a 2D look-up table. The second I represents the incident
irradiance which can also be stored in a pre-filtered environment map with different mip-
levels for different roughness values. Hence the rendering result under direct lighting can

be written as:

Ly = (1 — m)%O(m)[dir + RIL, (6.18)

Indirect Lighting Modeling Indirect lighting, resulting from light bouncing off surfaces,
is essential for realistic rendering—especially in occluded or concave regions (Figure 6.4(a)).
We estimate this effect by casting rays across the hemisphere aligned with each surface

normal to evaluate both occlusion and secondary radiance.

Since 3DGS represents scenes as sparse point clouds without explicit mesh geometry,
direct path tracing is non-trivial. Inspired by deferred shading, we follow GS-IR [95]
and reconstruct view-space geometry from depth and normal maps. Path tracing is then
performed over this reconstructed surface using a tile-based acceleration structure to

improve ray marching efficiency.

Given the depth d(u,v) and normal maps, we recover the 3D position x = (¥, 2)T for
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each screen-space pixel (u,v) by inverse projection:
X =2z (u—cpv—rcy, )T,

where (¢, ¢,) is the principal point of the camera.
To compute ambient occlusion, we integrate the visibility function V(w) over the

hemisphere:

Okx)=1- ! /Q V(w) (n-w)dw, (6.19)

™

where w is the sampled incoming direction. For each ray from x in direction w, we check
whether it is occluded by comparing the depth z of the sampled point x + tw with the
expected depth z; at the projected screen position. The visibility is defined as:

1 ifzg<z<zg+6
V(w) = ’ (6.20)
0 otherwise,
This occlusion test is performed adaptively in screen space based on perspective
projection (see Figure 6.3(a)).
For indirect lighting, we assume that if a ray r; intersects another surface point x, the

incoming radiance can be approximated by the direct lighting value Lg;,- at that point:

Ll(whx) = V<OJ’L)'T) Ldir(Wi,x), (621)
which yields the indirect component integrated over the hemisphere:

Ling = (1 — m)E /Q Li(w;i, x) (n - w;) dw;. (6.22)

™

Outgoing Light Modeling The final outgoing radiance combines direct and indirect

illumination with a specular term:
Lo(we,X) = Lair + Lina- (6.23)

To supervise the learning of material and illumination components, we define the

following decomposition loss:

,Cd = ;Cl + )‘M‘CTVma: + AEETVlight (624)

where £; is the pixel-wise reconstruction loss (Equation 6.25) between the rendered image
and the ground truth. The total variation regularization Lrv,,, (Equation 6.26) and

Lr1vy,,, (Equation 6.27) enforce spatial smoothness on the predicted material and lighting
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Unoccluded Direction
Occluded Direction a

(a)

Figure 6.4: (a) Surface points with less visibility receive weaker indirect illumination. (b)
Path tracing is performed on G-buffer-reconstructed geometry to evaluate visibility and
indirect radiance.

maps, reducing noisy or fragmented estimates. The weights A\y; and Ag balance these

regularizers against the reconstruction loss and stabilize training.

£1 = Z H[render(i) - Igt<Z)H1 (625>

L = IM(x +1,y) = M(z,y)ll + ||[M(2,y + 1) = M(z,9)|h (6.26)

T,y
LM =Y |IL(x+ Ly) = Lz, )|l + [|L(z,y + 1) = L(z,y)|h (6.27)
z,y

To support efficient estimation of indirect lighting, we render a cubemap from each
surface point by capturing the scene from six orthogonal directions. This cubemap encodes
occlusion and incoming radiance information from all directions, allowing visibility-aware
light gathering during path tracing. Figure 6.4(b) shows the occlusion-aware geometry,
and Figure 6.3(b) illustrates cubemap-based integration. This process corresponds to the

integral in Equation 6.22 and enables efficient evaluation of L;,q in Equation 6.23.

6.5 Experiments

6.5.1 Experiment Settings

We adopt a self-supervised training strategy in this work, leveraging a pretrained state-
of-the-art generative Gaussian splatting model named DiffSplat [96]. We divide our
experiments into two parts: 3D generation and material decomposition.

For the generation experiment, we conduct both text-conditioned and image-conditioned
generation. In the text-conditioned setting, we use captions from a subset of Cap3D [104]

to generate Gaussian splats, decompose the materials and illumination of the generated
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3D scenes, and then reconstruct the decomposed scenes to evaluate generation quality.
We use 300 text prompts from T3Bench [47], covering single objects, single objects with
surroundings, and multiple-object scenes. We report CLIP similarity [122], CLIP R-
Precision [118] with ViT-B/32, and ImageReward [165] to measure prompt alignment and
overall perceptual preference.

For the image-conditioned generation task, we randomly select 300 objects from the
unseen GSO [26] dataset and render them to serve as ground-truth images. Our model
reconstructs and decomposes the 3D scene of the input image, including geometry, material,
and illumination, and then re-renders the decomposed scene for evaluation. We compare
the rendered images from reconstructed or generated 3D content using PSNR, SSIM, and
LPIPS [186]. All metrics are averaged across viewpoints to reflect 3D-aware quality rather
than a single canonical view. For the material decomposition experiment, we follow the
evaluation logic of MaterialFusion [98]: we relight the decomposed objects under novel
illumination and compare the results with ground truth. For synthetic objects, the ground
truth is obtained by rendering under unseen illuminations; for real objects, the references
are captured in novel environments with recorded lighting. We again report PSNR, SSIM,
and LPIPS across all relighting tests.

Table 6.1: Quantitative evaluation of text-conditioned scene generation
DiffGSPBR(Ours) DiffSplat GVGEN LN3Diff DIRECT-3D 3DTopia LGM GRM

Single 1 CLIP Sim.y 30.52 30.95 23.66 24.36 24.80 25.55 29.96  28.19
Object 1 CLIP R-Prec.g 78.00 81.00 23.25 27.25 30.75 34.50 78.00 64.75

T ImageReward -0.628 -0.491 -2.156 -2.008 -2.005 -1.998  -0.720 -1.337
Single 1 CLIP Sim.g 30.37 30.20 22.65 22.75 23.05 24.31 27.79  26.24
Object 1 CLIP R-Prec.g 83.50 80.75 26.75 22.00 25.75 39.00 55.00 51.25
w/ Sur. 1 ImageReward -1.184 -0.674 -2.251 -2.244 -2.191 -2.230  -1.772 -1.869
Multiple 1 CLIP Sim.y 27.34 29.46 21.48 21.65 21.89 22.88 27.07  24.33
Objects 1 CLIP R-Prec.g 58.50 69.50 8.00 8.75 7.75 16.50  51.00 26.50

1 ImageReward -1.645 -0.849 -2.272 -2.267 -2.249 -2.225  -1.731 -2.116

6.5.2 Text-conditioned Scene Generation

Baselines We compare our model with state-of-the-art text-to-3D generation methods
including the Gaussian-based DiffSplat [96], GVGEN [46], the triplane-based LN3Diff [83],
DIRECT-3D [100], 3DTopia [54], and the reconstruction-based methods LGM [147] and
GRM [166] coupled with an open-source text-conditioned multi-view diffusion model [140].
These baselines are appropriate because they cover both native 3D generation and
reconstruction-based pipelines, including the strongest recent Gaussian-splatting com-
parator.

Comparisons Table 6.1 and Figure 6.5 present the quantitative and qualitative comparison
of our model against the baselines. The results show that our model remains competitive

with strong text-conditioned 3D generators, indicating that the decomposition pipeline



6.5. EXPERIMENTS 91

DiffGSPBR (Ours) DiffSplat GVGEN LN3Diff 3DTopia

V (R ET R B «&

with pink

flowers m

A i -

ceramic v ' 1 7 ~ 2 e SRS N o e A f
S G OE oW oY
floral patterns

A classic
leatherette , ‘ ‘ - .
radio with v & ‘. - _

dials

A white
swanon a

P
tranquil e e Q u - e Y '

lake

’

Figure 6.5: Results of text-conditioned scene generation

Normal Albedo Roughness

Figure 6.6: Material estimation from text condition.

does not substantially degrade generation quality while preserving editability. Figure 6.5
further shows that our method maintains prompt alignment and visual quality close to
recent text-conditioned 3D generation methods [96]. We also show the material-estimation
results in Figure 6.6, where the model produces coherent normal, albedo, and roughness

maps for scenes represented by Gaussian splatting.

6.5.3 Image-conditioned Scene Generation

Baselines We compare against two up-to-date native 3D models that support image-
conditioned generation: the concurrent work 3DTopia-XL [17] and LN3Diff [83]. We
also evaluate six advanced reconstruction-based methods for single-image-conditioned
generation, including four Gaussian-splatting-based methods, DiffSplat [96], LGM [147],
GRM [166], and LaRa [13], as well as two FlexiCube-based [136] methods, CRM [158] and

InstantMesh [164]. These baselines are appropriate because they span native 3D generation
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and reconstruction-based pipelines, allowing us to compare against the main families of
image-conditioned 3D synthesis methods. Image generative models for these reconstruction

methods are selected following their original implementations.

Table 6.2: Quantitative evaluation of image-conditioned scene generation
Ours DiffSplat 3DTopia-XL LN3Diff LGM GRM LaRa CRM InstantMesh

T PSNR  22.36 22.91 17.27 16.67 18.25 19.65 18.87 18.56 19.14
T SSIM  0.914 0.892 0.840 0.831 0.841 0.869 0.852 0.855 0.876
1T LPIPS 0.081 0.107 0.1756 0.177  0.1665 0.141 0.2020 0.149 0.128

Comparisons Single-image-conditioned generation performance on the GSO dataset
is assessed in Table 6.2, and qualitative results on in-the-wild images are presented in
Figure 6.8. DiffGSPBR generates accurate 3D content aligned with the input images
while maintaining strong geometric fidelity. The results are close to the state-of-the-art
DiffSplat [96] and substantially better than the remaining baseline models. Figure 6.8
illustrates the material decomposition results of image-conditioned synthesis; the predicted
materials capture both the shape and the appearance cues of the input image, supporting

the effectiveness of the decomposition stage.

DiffGSPBR (Ours) DiffSplat 3DTopia-XL LN3Diff InstantMesh
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Figure 6.7: Results of image-conditioned scene generation
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Figure 6.8: Material estimation from image condition.
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6.5.4 Application: Relighting

We conduct a relighting experiment to evaluate the effectiveness of the material estimation
stage. Figure 6.9 illustrates the relighting results obtained by rendering the estimated
material maps under a new environment light. The decomposed materials produced by
our model respond consistently to the new illumination, reflecting the incident light while
producing plausible hue changes and shadows. Consequently, the model captures light-
surface interaction more faithfully, and the path-tracing-based Gaussian deferred renderer

handles shadowed and occluded regions effectively.
Figure 6.9: Relighting experiment for decomposed 3D content.

6.6 Conclusion

In this chapter, we presented Dif GSPBR, a diffusion-based Gaussian splatting framework
that extends the thesis from relightable 2D generation to relightable and view-controllable
3D generation. By combining generative 3D Gaussian splats with material and light
decomposition, the method preserves competitive generation quality while making the
resulting scene editable in ways that conventional text-to-3D pipelines do not directly
support.

The method also remains limited in several respects. The decomposition is self-
supervised and can therefore drift when the generated geometry is weak or when mate-
rials are highly specular. In addition, the path-tracing-based deferred renderer increases
computational cost relative to purely appearance-based 3D generators, and the current
experiments focus on object-centric scenes rather than full dynamic environments. Even
with these limitations, the chapter completes the thesis trajectory from latent control, to

2D rendering-aware generation, to editable 3D scene synthesis.
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Chapter 7

Conclusions and Future Work

7.1 Contributions and Conclusions

This thesis investigated how explicit rendering structure can be used to improve the
controllability of generative models. The main argument is that, for many graphics-
oriented tasks, it is not enough for a model to produce an image that simply looks realistic.
If the result is meant to be edited after it is generated, then key factors such as pose,
material, illumination, and viewpoint cannot all be mixed together inside a black-box
generator. They need to be represented in a way that can still be accessed and modified
afterwards.

Rather than treating image formation as an implicit by-product of sampling, this
thesis developed a sequence of methods that progressively separate content generation from
rendering. This thesis did not begin by assuming that a single end-to-end architecture could
solve all aspects of controllable generation at once. It first examined how controllability
can be studied inside an existing latent generator, then isolated relighting as a rendering
problem in its own right, and only after that integrated rendering-aware intermediate
representations into 2D and 3D generative pipelines. In this way, this thesis moved from
analysis of latent controllability, to learnable shading and decomposed scene generation.

The resulting contributions therefore address three connected levels of the problem:
controllability inside a latent generator, learned shading for real-world relighting, and the
integration of rendering-aware intermediate representations into 2D and 3D generative
pipelines. Taken together, these contributions support the broader conclusion that explicit
rendering structure is not merely an implementation detail, but a useful organising principle

for controllable generative modeling.

7.1.1 Contributions

The main contributions of this thesis can be concluded as follows:

95
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e Chapter 3. We analysed controllability inside StyleGAN and introduced generative

fields as a way to characterise the spatial extent of channel-wise control. This
contribution is important because it shifts the discussion of latent control away
from purely empirical design and toward an explicit structural interpretation of how
different generator layers affect different image regions and semantic scales. Based
on this analysis, we developed a reference-guided editing framework for pose and
expression manipulation that preserves identity while transferring selected facial
attributes. The contribution of this chapter is therefore twofold: it provides a
conceptual tool for analysing latent controllability, and it demonstrates that such

analysis can be translated into a practical editing method.

Chapter 4. We proposed a physics-based neural deferred shading pipeline for
controllable relighting of real-world images. Rather than treating relighting as a
purely generative image transformation, this chapter formulates it as a learnable
rendering problem conditioned on estimated material, geometry, and illumination
cues. The method combines a neural shader with an additional shadow-estimation
stage so that relighting remains tied to explicit scene attributes rather than being
left entirely implicit inside a generative model. To support this study, we introduced
FFHQ256-PBR, a facial dataset with estimated material, geometry, ambient occlusion,
illumination, and camera attributes. The contribution of this chapter is therefore
not only a relighting model, but also a rendering-based formulation of illumination

control for real-world portrait data.

Chapter 5. We introduced ShadingFusion, a rendering-aware text-to-image pipeline
that predicts decomposed material representations and then renders them with a
neural shader. This contribution addresses a key limitation of standard text-to-image
diffusion systems: they usually commit directly to final RGB appearance, which
entangles content, material, and illumination in a single output. Our method instead
shifts the generative target toward editable intermediate representations, using a
modified multi-head VAE, prompt enrichment through an MLLM, and a rendering
stage that reconstructs the final image under controllable lighting. In this sense,
the contribution of Chapter 5 is to show that diffusion-based synthesis can preserve
photorealism while becoming more editable, provided that generation and rendering

can be explicitly separated.

Chapter 6. We proposed DiffGSPBR, which extends the same decomposition prin-
ciple to 3D Gaussian splatting and supports editable 3D generation with controllable
material, illumination, and viewpoint. This chapter is significant because it moves
beyond image-plane relighting and treats decomposition as part of the 3D scene

representation itself. The method combines an off-the-shelf generative Gaussian
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backbone with material and illumination estimation heads and a deferred rendering
loop for self-supervised optimisation. As a result, geometry, material, and lighting
can be manipulated after generation in a way that is not naturally available in
conventional 3D generative pipelines. The contribution of this chapter is therefore to
show that rendering-aware controllability can be extended from 2D portrait synthesis

to editable 3D scene generation.

7.1.2 Conclusions

The main conclusions of this thesis are as follows:

Controllability benefits from explicit intermediate structure. Chapter 3 shows
that controllability inside a generator is easier to analyse when the roles of different latent
channels and layers are made explicit. In practice, this means that control becomes more
reliable when it is tied to some interpretable internal structure rather than treated as a
purely empirical editing problem. Although this does not by itself solve rendering-aware
editing, it provides the representational foundation for later chapters by showing that

generation can be made more controllable when intermediate structure is studied directly.

Illumination can be treated as a learnable rendering problem. Chapter 4 shows
that a neural deferred shading model can learn a useful approximation of the rendering
process from estimated material, geometry, and lighting cues, making relighting possible
for real-world imagery without hand-crafted shading models. More importantly, it shows
that relighting does not have to be handled only as a stochastic image-generation problem.
When explicit scene attributes are available, illumination control can instead be organised as
a constrained rendering process, which gives stronger interpretability and more predictable

behaviour.

Separating generation from rendering improves editability in 2D synthesis.
Chapter 5 demonstrates that a text-to-image pipeline can be made more controllable by
generating decomposed intermediate representations and rendering them explicitly, rather
than predicting final RGB images alone. This conclusion is important because it shows that
diffusion-based image synthesis does not have to choose between realism and editability. By
shifting the generative target from final RGB appearance to a more structured intermediate
representation, the system can preserve strong image quality while still supporting explicit

control over lighting and material behaviour after generation.

The same principle extends to 3D generation. Chapter 6 shows that rendering-aware
decomposition is also useful in a 3D Gaussian representation, where material, illumination,
and viewpoint can be manipulated more explicitly after generation. This suggests that the

value of explicit rendering structure is not limited to image-space relighting or portrait
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synthesis. The same idea can also support editable scene-level generation in 3D, where the

need for controllable viewpoint and lighting is even more fundamental.

7.1.3 Response to Thesis Research Questions

Taken together, the results of the thesis provide a coherent response to the research
questions posed in the introduction. These questions were not answered by a single unified
architecture. Instead, they were addressed progressively, with each later chapter building on
the representational or rendering insights established earlier. The responses can therefore

be summarised as follows:

e RQ1. Chapter 3 shows that fine-grained control can be improved by analysing the
internal structure of a generator and by applying channel-wise control at appropriate
spatial scales. This provides a useful but still limited form of controllability inside an
implicit image generator. The main answer is that latent or intermediate representa-
tions are more effective for control when they are studied in terms of their internal

roles and spatial influence, rather than treated as a single control signal.

e RQ2. Chapter 4 shows that the shading process can be learned as a neural deferred
rendering problem using estimated material, geometry, and illumination cues. This
makes illumination control more explicit and provides the rendering component
required for later generative integration. More specifically, the thesis shows that
relighting can be organised as a rendering process conditioned on explicit scene
attributes, rather than only as a stochastic image-synthesis problem, which leads to

stronger interpretability and more reproducible control.

e RQ3. Chapters 5 and 6 show that rendering-aware intermediate representations
can be integrated into both 2D and 3D generative pipelines. In 2D, this enables
text-to-image synthesis with editable material and illumination. In 3D, it enables
relightable Gaussian-based generation with explicit viewpoint control. The broader
answer is that explicit rendering structure can be inserted into modern generative
systems without giving up their expressive power, and that doing so makes the

generated outputs substantially more useful for post-generation editing.

Overall, this thesis concludes that explicit rendering structure is a practical way
to improve the editability of generative models. The main outcome is not a single final
architecture, but a staged demonstration that controllable generation becomes more feasible
when image-formation variables are represented explicitly rather than absorbed into an
opaque RGB generator. In this sense, the contribution of the thesis is both methodological
and conceptual: it proposes concrete methods for relighting and decomposed generation,

and at the same time argues for a broader way of thinking about controllable generative
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modeling, in which rendering is treated as a first-class component rather than a hidden

by-product of image synthesis.

7.2 Limitations

The methods proposed in this thesis also have several limitations.

Chapter 3 limitations. The StyleGAN-based editing framework is limited to the
representational capacity and domain of the underlying generator. It provides fine-grained
control over selected facial attributes, but does not expose physically meaningful variables

such as illumination or material.

Chapter 4 limitations. The neural deferred shading model relies on estimated material
and lighting cues rather than fully ground-truth physical annotations. Its performance is
therefore affected by upstream estimation quality and by the domain gap between synthetic

assets and real-world imagery.

Chapter 5 limitations. ShadingFusion improves controllability by predicting decomposed
intermediate representations, but the setting remains focused on human faces and inherits

the limitations of estimated PBR supervision and text-description quality.

Chapter 6 limitations. Diff GSPBR extends controllable generation to 3D, but it remains
restricted by the expressive range of the chosen Gaussian representation, the quality
of learned decomposition, and the computational cost of rendering-aware training and

evaluation.

More generally, this thesis does not claim that all controllability problems should be
solved through explicit rendering decomposition. Instead, it shows that this strategy is
useful for a class of tasks where material, illumination, and viewpoint must remain editable

within generation.

7.3 Directions for Future Work

Building on these findings, several promising avenues remain and can be discovered in

future work:

Domain Adaptation for Real-World Material Distributions. While our neural
deferred shaders generalize to HDRI-based relighting, they do not explicitly model the
domain shift between synthetic PBR maps and estimated real-world materials. Incorporat-
ing unsupervised domain adaptation or self-supervised fine-tuning could further improve

performance on in-the-wild imagery.

Extension to Dynamic and Complex Scenes. Both ShadingFusion and Diff GSPBR
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currently target single-object or portrait scenarios. Future work should extend these
methods to handle multi-object compositions, dynamic lighting, and non-rigid scene

elements (e.g., cloth, fluids).

Real-Time Inference and Optimization. Although our deferred renderers operate
efficiently at inference, real-time performance on high-resolution inputs remains a challenge.
Further optimization of network architectures and hybrid approximations, such as learned

importance sampling, could enable interactive applications in gaming and virtual production.

Material and Illumination Editing Interfaces. Developing user-friendly tools (e.g.,
slider-based Uls or language-driven editing prompts) built upon our pipelines would
empower artists and designers to intuitively manipulate material and lighting attributes in

generated content.

Integration with Inverse Rendering and Scene Understanding. By coupling our
framework with inverse rendering approaches that estimate geometry and lighting from
photographs, one could enable bidirectional workflows: edit existing scenes, or generate

new content with specified physical properties.

7.4 Closing Remarks

This work bridges generative modeling and classical computer graphics, showing that neural
deferred shading can unlock precise illumination control in both image and 3D synthesis.
As generative models continue to advance, integrating physics-based rendering components
will be essential for creating assets that are not only photorealistic but also fully editable
and integrable into traditional content-creation pipelines. We believe the methodologies
presented here will serve as a foundation for future research at the intersection of machine
learning and rendering, driving new capabilities in visual effects, virtual production, and

beyond.



Appendix A

(Generative Fields

A.1 Generative fields size for all convolution layers

Table A.1 provides the generative field size of each convolution layer in style space S, we
calculate them by using the generative fields formula defined in section 3.2 of the paper.
All convolution layers are indexed from conv0 to conv12 for the pre-trained StyleGAN2
generator with 256 x 256 resolution, we refer S layer index from [162], items that have

same color in the table belong to the same generator block of StyleGAN2.

input resolution & layer index conv layer index generative fields # channels

4 x4 sO conv( 506 512

8 x & s2 convl 379 512

8 x & s3 conv2 251 512
16 x 16 sH convy 187 512
16 x 16 s6 conv4 123 512
32 x 32 s8 convh 91 512
32 x 32 s9 conv6 59 512
64 x 64 sl1 conv’7 43 512
64 x 64 s12 convy 27 256
128 x 128 sl4 conv9 19 256
128 x 128 s15 convl0 11 128
256 x 256 s17 convll 7 128
256 x 256 s18 convl?2 3 64

Table A.1: Generative fields size of each convolution layer in StyleGAN2

A.2 Comparison of image editing results

We provide a comparison for the image editing results with different functional generative
field size (GFs), the attribute images are randomly sampled from real world dataset

FFHQ256, identity images are randomly generated from a pre-trained StyleGAN2 generator.
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As we mentioned in the paper (Sec. 4.2.2), the average face size of dataset is 141.68 pixels,
Figure A.1 illustrates the comparison of feature editing results where smallest functional
generative field sizes are below and above the average face size, it could obviously find that

the model lose the expression feature control when the minimum generative field size is

higher than the average face size.
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Identity Image

1. Functional Conv Layers: Conv 0-12 2. Functional Conv Layers: Conv 0-4
Min GFs: 3 Max GFs: 506 Min GFs: 123 Max GFs: 506

Attribute Image

Identity Image

El Interest area of edited image

GFs: Generative field size

3. Functional Conv Layers: Conv 0-2
Min GFs: 251 Max GFs: 506

Figure A.1: Image editing results comparison. Imagel is the default setting which enables
all GFs; the minimum GFs of image?2 is below the average face size; the minimum GFs of
image3 is above the average face size.

We also compare image editing results which only use smaller generative fields. The
largest generative field size of imagel is slightly higher than the average face size which
can reserve a little pose editing capacity with few torn artifact; for image?2, the largest
generative field size is lower than the average face size, it doesn’t has enough influencing

area to edit the whole head feature, then losing the head pose control.
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1. Functional Conv Layers: Conv 3-8 2. Functional Conv Layers: Conv 4-8
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----- Reference line GFs: Generative field size

Figure A.2: Image editing results comparison using limited generative field size.

We find if only enabling very small generative field sizes the model would force to
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match the head pose and expression by downgrading the generated image quality (See
Figure A.3), which could consist of many torn areas or pulled facial features. We explain it
through it could cheat the pre-trained landmark detector to produce a matching result

(See the overlap of detected landmark in Figure A.3).

Attribute Image Generated Image Identity Image

+ Attribute Image Landmark + Identity Image Landmark

Figure A.3: Image editing results with generative field size from 7 to 59.
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Appendix B

ShadingFusion

B.1 Preset Questions for Facial Information Acquisition

Training information acquisition We use the multi-modality large language model
(MLLM), DeepSeek-VL2-32B, to perform the Visual Question Answering (VQA) task, we
design several questions to ask the MLLM to retrieve the required textual information

from the input portrait image, the specific questions are as follow:

System prompt:
You are a vision-language assistant. When asked to summarize a face, output a single,
coherent paragraph less than 80 words. The paragraph must start with a clause formatted
like: A portrait photo of a < older > <man / woman > in the

age range of <low>-<high>.

User Questions/Instructions:
(1) Please identify the person’s gender and approximate age. <If not provided, choose one
randomly>
(2) Describe the overall face shape, facial contour (jawline, cheekbones, forehead) and the
accessories (if have). <If the description is not provided, generate a description of human
face shape, facial contour and accessories followed by the instructions.>
(3) How are the facial features proportioned? Comment on spacing between eyes, nose,
mouth and overall symmetry. <If not provided, generate a description of human facial
feature followed by instructions.>
(4) Describe the eyes and eyebrows: eye shape/size, eyelid type, eye-corner tilt, iris colour;
eyebrow shape and density. <If not provided, generate a description of human eyes and
eyebrows followed by instructions.>
(5) Describe the nose: bridge height, length, width of the nostrils, and tip shape. <If not
provided, generate a description of human nose followed by instructions.>

(6) Describe the mouth and chin: lip thickness/shape, mouth-corner tilt, chin type and
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jaw definition. <If not provided, generate a description of human mouth and chin followed
by instructions.>

(7) Describe the skin colour and overall surface quality: Skin tone — name the overall
shade (e.g., pale ivory, light olive, medium tan, deep brown) and note the undertone
(cool/pink, neutral, or warm/golden). Overall finish — say whether the skin looks matte,
dewy, oily, or dry, without listing fine details. <If not provided, generate a description of
human skin color and quality followed by instructions.>

(8) In 1-2 sentences, describe visible skin-texture details: Wrinkles — depth and location;
Pores / pits — enlarged or normal, location; Discolorations — freckles, moles, scars,
redness; size and location. <If not provided, generate a description of human skin texture
details followed by instructions.>

(9) Describe hair and facial hair: hair colour, length, texture, hairline; presence and style
of beard /moustache. <If not provided, generate a description of human hair and beard
followed by instructions.>

(10) Combine all the details you have given into a single, coherent paragraph (less than
80 words) that fully describes the person’s appearance and the accessories (if have),
mentioning gender, age range, geometry features, and texture details. Do not repeat any

phrase. Each attribute only once. Keep the language natural.

The MLLM answers all those questions and compiles the final result into a detailed
description of facial attributes, as shown in Figure B.1. The colored text labels the
predefined options in the system prompt. All collected answers are stored in a JSON file

for the following training procedures.

Inference prompt augmentation During inference, we apply the similar process for
the user prompt augmentation. The MLLM rephrases each prompt using the full set of
questions and instructions from our training information acquisition procedure then appends
an additional cyan-highlighted sentence to preserve the prompt’s structural integrity for

diffusion model training.

B.2 Normalization Method

Since the depth values span a wide range, we first establish a clipping space bounded by a
near plane Z,.,, and a far plane Z¢,,, and then map the depth data into that space by
clipping any values outside those bounds. We set the near and far planes to 1 and 800

respectively, and the normalization is defined as follows:

D - Znear

Doy = o mcar_
o Zfar - Znear
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B.3 Loss Function of Mask Prediction

We combine several commonly used segmentation losses, including Binary Cross Entropy
(BCE) loss [35], DICE loss [131], and boundary loss [76], for mask-prediction training.

These losses are defined as follows.

N
1 N R
Lpop = N ;[Mz log(M;) + (1 — M;)log(1 — M;)]

25" M; - M,
Lprcp=1-— -
S M+ > M;

['Boundary = / |vp‘d$, P = SOftTTLCLZL’(M)
Q
Litask = Lecr + Lprce + LBoundary

B.4 Importance Sampling

In image-based lighting (IBL), importance sampling [153] is commonly used to estimate
the integral of incident radiance from an HDR environment map, as given by the following

equation.

N
1 Li(w;) fr(x, wi, w,)|cosb;|
Lo(x,w,) =~ —
( ) N 121 p(wi)

where L,(x,w,) is the outbound radiance, L(w;) is the incident radiance along w; direction,

, wi ~ p(w)

fr(2,w;, w,) is the bidirectional reflectance function (BRDF), p(w;) is the probability density
function (PDF) used by importance sampling.

For a shading point, importance sampling chooses incident-light directions according
to the probability density induced by the environment map, allocating more samples to
high-intensity regions and fewer to low-intensity ones. This strategy significantly reduces
the variance of the estimated incident radiance, thereby lowering rendered noise compared

with uniform sampling.
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Decription Example 01:

A portrait photo of a young woman with long flowing straight silky blonde hair
past her shoulders, fair smooth radiant complexion, well-proportioned
delicate jawline, prominent cheekbones, slightly pointed chin, large
almond-shaped blue eyes with thick lashes and gently tilted eyelids,
well-groomed arched eyebrows, narrow nose with defined bridge and small
nostrils, full softly upturned lips, strikingly symmetrical features, subtle
minimal accessories or makeup, natural beauty, warm inviting expression, Input Image
youthful glow, ethereal aura, untouched elegance, refined proportions,

graceful poise, timeless allure.

Decription Example 02:

A portrait photo of a older man with a slightly oval face, pronounced

cheekbones, defined jawline, broad forehead with visible wrinkles, blue
almond-shaped eyes under thick arched eyebrows, straight nose with \'% =
moderate bridge and flared nostrils, full lips with a subtle upward curve, neat ey &
moustache and goatee, light brown hair streaked with gray combed back, fair /
skin showing fine lines and natural texture variations, smooth healthy sheen,

mature dignified presence reflecting wisdom, refined character, subtle Input Image
elegance, timeless aura, serene demeanor.

<
f

Prompt Example 01:
User prompt: A portrait photo of a middle-aged man with long hair.

Augmented prompt: A portrait photo of a middle-aged man with long straight
brown hair past his shoulders, neatly trimmed beard, prominent forehead,
high cheekbones, defined jawline, almond-shaped eyes with glasses and dark
irises under thick slightly arched eyebrows, medium nose with gently sloping
bridge and moderate nostrils, average-sized mouth with neutral expression
and full lips, smooth skin with minor wrinkles at eyes and forehead, no
significant blemishes, balanced symmetrical features, calm composed
demeanor, refined mature elegance, natural understated timeless serene
presence. Looking at the screen under the wild light.

Generated
Image

Prompt Example 02:
User prompt: A portrait photo of a middle-aged woman with long wavy hair.

Augmented prompt: A portrait photo middle-aged woman with long wavy
brown hair cascading over her shoulders, smooth lustrous texture, a
heart-shaped face with prominent cheekbones, almond-shaped expressive
eyes with thick lashes and slight upward tilt, neatly shaped dense arched
eyebrows, straight nose with well-defined bridge and narrow nostrils, full
naturally pink lips curved in a subtle smile, smooth warm-toned skin with
minimal fine lines around mouth and forehead, absence of moles or scars,
balanced symmetrical features, mature elegance, serene poise. Looking at the
screen under the indoor light.

Generated
Image

Figure B.1: Facial information examples
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