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Abstract

Three-dimensional face modelling, whether employing linear or non-linear approaches,
involves mapping 3D face scans into a latent space for reconstructing 3D face shapes using
this model. To enhance the interpretability of this mapped latent space for humans, a
critical task emerges in computer vision with a focus on developing specific latent spaces
for individual facial components rather than a single global latent space for the entire face.
This thesis presents pipelines based on deep learning algorithms for the explainable and
controllable non-linear modelling of 3D faces within latent spaces. Firstly, our method
introduces a 3D face model that learns to map face identity and expression into two
independent latent spaces, achieving face identity and expression disentanglement. This is
particularly aimed at addressing limitations in scenarios lacking facial identity ground truths,
which differs from other approaches. Secondly, beyond learning identity and expression
latent spaces, our work further subdivides entire faces into multiple semantic regions,
including the nose, eyes, mouth and others, and learns the separate latent variables for these
regions through our novel framework. Additionally, we apply a Laplacian blending technique
to the key facial feature swapping strategy, enhancing data augmentation and seamlessly
reconstructing face shapes. Both methods are evaluated on public datasets and achieve
state-of-the-art performance, demonstrating their effectiveness in reconstructing face shapes
and disentangling latent variables for different facial features. The learnt latent variables
are proven to be applicable to many applications, e.g. face recognition, face expression
transfer and face editing. Moreover, to investigate the impact of different representations on
the reconstructed face shapes, our two models employ different representations for 3D face
shapes, one using explicit representations and the other employing implicit representations.
Comprehensive comparative analyses are conducted to evaluate the effectiveness of our
methods in 3D face modelling based on different representations and architectures.
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1

Introduction

Three-dimensional shape reconstruction has become an increasingly active topic in

the �eld of computer vision over the last two decades. In this thesis, we particularly

focus on how to model 3D facial shapes using various types of representation. This has

wide-ranging applications such as animation and gaming design, where parameters

can be manipulated to create unique avatars, and medical imaging, such as plastic

surgery, where there is a need for precise control over generated facial features.

Through 3D face models, which are often referred to as 3D Morphable Models

(3DMMs), raw face scans can be accurately reconstructed and understood.

Traditional 3D face statistical modelling employs linear space methods, which

primarily involve the use of Principal Components Analysis (PCA) and linear

combinations of shape deformations to construct 3D faces. Here, a large dataset of

3D human face scans is collected from individuals of diverse ages, ethnicities and

genders. These face shapes are typically represented by 3D coordinates that share

the same topology. Subsequently, techniques are utilised to analyse common facial

features and variations, including geometric, global and local variations, expression

variations and appearance and illumination variations [30]. As mentioned, PCA

has been traditionally employed to analyse face shapes, identifying the principal

components that capture the most signi�cant shape variance across the dataset. This

facilitates dimensionality reduction resulting in shapes that that are projected to a

low-dimensional space. New face shapes can be generated by combining the mean

shape with the a weighted sum of the retained principal components. However, these

linear methods lack the �exibility to accurately capture variations of �ner levels of

facial information. Therefore, with the advancement of deep learning techniques, new

algorithms that explore non-linear deep latent representations have been proposed.

1
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These algorithms often employ an encoder-decoder architecture to achieve non-linear

3D face modelling. Among them, the AutoEncoder (AE), Variational AutoEncoder

(VAE), Generative Adversarial Network (GAN) and di�usion models are the most

commonly used deep architectures.

In the meantime, deep geometry learning in 3D computer vision has attracted

more attention in recent years [109]. The ability of a model to represent 3D

shapes accurately is crucial for the quality of reconstructed shapes. In this context,

deep learning-based generative models have been explored for their potential in

processing di�erent types of representations,i.e., explicit representations and implicit

representations. Among explicit representations, voxels, point clouds, and meshes

are the most commonly utilised in deep geometry learning. For example, due to

the nature of voxels, graph convolutional networks (GCNs) are usually employed

to process them e�ectively. PointNet [86] and PointNet++ [87] were proposed to

process point clouds for 3D shapes, with these methods being widely applied in

various pipelines.

Another important avenue in 3D shape reconstruction and modelling involves

implicit representations, such as signed distance functions (SDFs) and occupancy

probability functions. Deep generative models, leveraging either explicit or implicit

representations, provide di�erent advantages. For the former, the data are easier

to obtain, and the models are more training time and memory e�cient; the latter

has the ability to synthesise shapes at �exible resolutions, which preserves the �ner

details of complex 3D objects.

Within this context, this thesis aims to employ deep learning-based architectures

to learn latent spaces for non-linear 3D face shape models. Initially, we use explicit

representations, speci�cally point clouds, to model 3D faces and decompose them into

independent global identity and expression latent spaces, capturing their respective

variations. Notably, this method addresses a common challenge in this �eld, the

frequent absence of neutral expression ground truths, which is di�erent from other

approaches. However, while global explicit representations can model 3D faces, they

may not always e�ectively capture �ner details of facial regions. To overcome this

limitation, we introduce a novel method that employs implicit representations,i.e.,

SDFs, to learn segmented latent representations of speci�c facial areas. To our

knowledge, the approach we present, which is based on implicit representations, has

not been previously applied. To further evaluate the e�cacy of these approaches,

we conduct a comparative analysis of models utilising di�erent representations and
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architectures, focussing on their capability to reconstruct unseen inputs, generate

novel face shapes and explore applications.

In the following sections, we outline our research objectives, which include 3D

face disentanglement of identity and expression using explicit points-based shape

representation, and parts-based implicit 3D face modelling. Additionally, we conduct

a comprehensive comparative analysis to evaluate the e�ectiveness of these two

methods in 3D face modelling. Each of our following research objectives is divided

into two main subsections: the background and motivation behind our work, and

the speci�c contributions of our study.

1.1 EXPLICIT 3D FACE DISENTANGLEMENT

Our �rst objective focuses on disentangling the 3D shapes associated with identity

and facial expression from an input shape that is represented as an unstructured

point cloud. All 3D shape representation is in an explicit form.

1.1.1 Background and Motivation

Point clouds, as a form of explicit representations of 3D shapes, have seen widespread

use in recent years due to their ease of acquisition and relative simplicity compared

to other explicit representations. Moreover, architectures including PointNet [86],

PointNet++ [87] and Point Cloud Transformer [44] were proposed for processing

3D shapes using point clouds representation, providing the groundwork for the

architectural design of our network.

Since the introduction of linear 3DMMs in 1999 [5], which presented a PCA-based

3D face model to represent variations in identity and expressions, the task of 3D facial

shape modelling for identity and expression components has been a popular research

topic. Independent identity and expression representations are utilised in many

applications, including facial identity and expression interpolation, facial expression

transfer and facial neutralisation for recognition purpose. These applications heavily

rely on the e�ective disentanglement of identity and expression.

Concurrently, in the light of developments in deep learning and the transition

towards non-linear modelling of 3D faces, recent studies have proposed innovative

methods that use a single encoder and two decoders. This common architecture

encodes the entire face and outputs latent embeddings separately for identity and
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expression from the encoder. Following this, two decoders are employed to reproduce

the facial identity and expression based on their respective embeddings. However,

a notable challenge of this architecture is its dependency on the availability of a

corresponding facial identity for the input face shape, which is used as a reference

for the identity decoder. The distance between the predicted face identity from

the identity decoder and the facial identity ground truth can be employed within

a loss function in the supervised learning process for face identity reconstruction.

This loss function is critical not only for ensuring the accuracy of identity shape

reconstruction but also for keeping the learnt identity representations as separate

from the expressive ones as possible.

For example, a framework using two VAE models that share the same encoder but

employ two di�erent decoders: one for facial identity shapes and the other for the full

face was proposed in [94]. As previously mentioned, an identity reconstruction loss

function, comparing the generated output to the original input, is implemented. The

strategy of utilising the identity loss function and ground truths was also adopted in

other research work, such as [46, 116, 48].

Although existing studies demonstrate strong performance in 3D face recon-

struction and disentanglement through the use of identity and expression latent

representations, a signi�cant challenge arises in real-world applications such as

facial expression neutralisation: expressive faces are often available without their

corresponding neutral expression ground truths,i.e., facial identity.

This leads us to propose research question 1 (RQ1):

ˆ RQ1: In the absence of neutral expression ground truths, how can we e�ectively

achieve the disentanglement of facial identity and expression, and accurately

reconstruct the neutral facial identity and the full expressive face using the

learnt decoupled latent representations?

1.1.2 Contributions of Our Work

To address RQ1, we propose a novel approach that integrates VAE and GAN

frameworks, speci�cally for processing 3D face shapes represented as point clouds.

This architecture consists of an encoder and two decoders, adhering to a structure

similar to those previously discussed. Distinctively, we incorporate an identity

discriminator, drawing inspiration from the innovative work presented in [40, 41].
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Their studies identi�ed the `point of apathy' within the expression space as the state

in which facial muscles are most relaxed.

Building upon this �nding, we hypothesise that the origin of the expression

manifold, representing the connection between faces sharing the same identity, is the

apathy expression. To leverage this concept, we introduce an identity discriminator

into the adversarial learning process of our architecture. This discriminator is

designed to encourage the preservation of shared information within face shape

pairs that share the same identity, thereby ensuring the model e�ectively retains

identity-speci�c features. Consequently, in scenarios where neutral expression ground

truths are unknown, our strategy utilises the invariance of identities from the same

individuals, adopting the `apathy expression' as the pivotal point in the expression

space for model training. Meanwhile, we also consider scenarios where facial identity

ground truths are present in the dataset, ensuring our settings align with other

architectures for easier comparison under both scenarios.

Our hypothesis and innovative design have enabled our network to demonstrate

superior performance not only in disentanglement and reconstruction tasks but

also in facilitating practical exploration into diverse scenarios of face identity and

expression modelling. Empirical validation across multiple datasets has con�rmed the

robustness of our method and its ability to outperform existing models. Furthermore,

e�ective disentanglement of facial identity and expression has inspired our further

research, especially in the representation of �ner segmented facial regions based on

facial neutral expression,i.e., facial identity shapes.

In summary, at the time of its initial proposal, to the best of our knowledge, our

proposed method is the �rst to consider the challenge of unknown facial identity

ground truth, introducing an end-to-end architecture designed to address RQ1.

1.2 PARTS-BASED IMPLICIT 3D FACE MODELLING

Our second objective also aims to disentangle identity and expression, with the

additional aim of disentangling latent codes for facial parts (e.g. eyes, nose, mouth,

etc), whilst exploring the bene�ts of employing implicit shape representation.
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1.2.1 Background and Motivation

In 2019, the introduction of deep implicit representations marked a milestone in the

modelling of 3D shapes, including SDFs [79] and occupancy functions [72, 18, 66] that

model 3D shapes as continuous functions over the 3D space. Such representations

have become highly appealing for many methods, as they can better represent

complex topologies of 3D shapes and demonstrate robustness against noisy and

incomplete data. Moreover, the inherent continuity of these representations ensures

their compatibility with deep generative models and 3D shape reconstruction is

achieved by gradient-based optimisation.

Following the discussion and achievement of 3D face modelling to disentangle

identity and expression, our research interests expanded to include modelling of the

3D face into smaller facial regions. This aims to improve both the interpretability

and controllability of the 3D face model. Notably, methods like those proposed in

[34, 2] employ a VAE to learn decoupled latent variables for di�erent facial parts.

The study conducted in [2] employs seven di�erent encoders, each with a varying

number of dimensions, to separately learn the latent codes for corresponding prede-

�ned facial parts. These latent codes are then concatenated into a uni�ed vector as

the input for a single decoder to reconstruct full faces. Furthermore, the work intro-

duces a specialised loss function designed to reinforce latent space disentanglement

and ensure that each part of the latent vector a�ects only the assigned part of the

face.

In another approach presented in [34], a network utilising a single encoder and

decoder is employed to learn concatenated latent representations for the entire face.

Additionally, this method divides the latent code into �xed dimensions allocated for

speci�c facial parts and introduces a loss function to enforce part-wise similarities

within the latent codes and di�erences across the remaining parts.

Compared to existing work, our research uniquely concentrates on learning in-

dependent latent vectors for individual facial parts, as opposed to concatenating

them into a single latent vector for the entire face, including its decoupled compo-

nents within the vector. Furthermore, we place particular emphasis on the use of

implicit representations for 3D face shapes, leveraging their advantages over explicit

representations, as introduced previously.

Aligned with our second research objective, we propose the second research

question:



1.2. Parts-based Implicit 3D Face Modelling 7

ˆ RQ2: How can we e�ectively learn a 3D face model with independent facial

part latent representation and control, while stil l dealing with facial expression,

and additionally gaining the bene�t of implicit representations for arbitrary

resolution 3D face shape reconstruction?

1.2.2 Contributions of Our Work

In our second study, we introduce a sequential network designed for facial parts

deformation, inspired by the work presented in [117]. This method is aimed at

answering RQ2 and �lling the research gap in 3D parts-based facial modelling using

implicit representations, which learns independent latent representations for multiple

facial regions in an end-to-end manner.

In order to learn separate latent spaces for speci�c facial components, we prede-

�ned three key semantic facial regions: the nose, eyes and mouth. For the rest of

the face, we consider it as a single part, referred to as the `remainder'. While it is

possible to further subdivide the remaining parts, such as the forehead and cheeks,

we opted to group them together since these regions are less semantically meaningful

and their deformations are less obvious in qualitative observation compared to the

other prede�ned areas.

Unlike existing VAE-based architectures that learn a uni�ed, disentangled latent

representation for the face shape, our method employs a deformation network com-

prising a set of neural networks. This end-to-end network is designed to transform

an input face shape to align with a prede�ned template face by sequentially exe-

cuting deformations tailored to designated facial regions. In detail, we develop �ve

specialised neural nets for each facial region: NoseNet for the nose, EyesNet for the

eyes, MouthNet for the mouth, RemNet for the remaining parts of the face; and

TemplateNet (also known as SDFNet), which serves as a reference framework to

output the SDFs for the overall facial template. Each network is designed to learn

latent embeddings speci�c to its corresponding facial part, enabling targeted and

precise deformation processes.

In the architecture, we introduce an additional component,i.e., ExpNet, specif-

ically designed for learning separate expression latent variables. This innovation

signi�cantly contributes to the disentanglement of facial expression from identity,

further improving the robustness of our method. Although the disentanglement of

identity and expression in 3D facial modelling has been a focus of our previous re-
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search objective, the key di�erence is that ExpNet is based on implicit representations,

i.e., SDFs of 3D faces, rather than point clouds.

To enhance the e�ectiveness of our representations and improve their generative

capabilities, our method adopts an innovative data augmentation strategy: swapping

facial features,i.e., the nose, eyes, and mouth, among di�erent instances in the

dataset. Inspired by [34], this technique involves exchanging these features with

those from other randomly selected face parts within our training dataset. Since we

use a�ne transformation that optimally (least squares) matches the facial feature

peripheral vertices into the graft site vertices of the face, the preprocessed face is

di�erent from the original face.

However, a challenge arising from our data augmentation strategy is the incoher-

ence between the swapped features and the original face, resulting in a visible seam on

the face. To overcome this issue, we explore the use of a Laplacian blending technique

during the feature swapping process. Finally, the swapped faces demonstrate that

employing Laplacian blending e�ectively eliminates the seams at the junctions of

swapped features, signi�cantly improving the quality of the face reconstruction.

This end-to-end deformation network, using implicit representations, not only

disentangles expression and identity latent representations but also learns independent

latent embeddings for speci�c facial regions. There are many applications based

on these learnt latent embeddings, including face part editing and facial region

interpolation.

In summary, the contributions of this work are as follows:

ˆ A novel strategy that integrates facial feature swapping with Laplacian blending

to enhance data augmentation, ensuring seamless generation of face or head

shapes.

ˆ The development of an end-to-end deformation network that e�ectively disen-

tangles latent representations of expression and facial parts-based identity on

both 3D face and head shapes, using implicit representations.

ˆ Comprehensive evaluation on publicly available datasets that demonstrates

strong performance in face reconstruction and disentanglement of 3D face or

head shapes.
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1.3 COMPARISON OF EXPLICIT AND IMPLICT APPROACHES

As outlined in the research objectives 1 and 2 above, we aim to model 3D face shapes

using two di�erent representation forms,i.e., point clouds (explicit shape representa-

tion) and SDFs (implicit shape representation), each with its own advantages. The

networks developed for these objectives are designed to facilitate a thorough learning

process, achieving decoupled latent representations for facial expressions, identity

and individual facial parts.

Given that both of our proposed methods successfully disentangle expression

and identity latent vectors, our third research objective is to conduct a comparative

analysis between these two methods. This comparison evaluates their performance

from �ve perspectives: the quality of 3D face reconstruction, the e�ectiveness in

disentanglement of facial features (speci�cally identity and expression), the ability to

generalise to new faces, the practical applications based on their learnt latent codes

and computational resource requirements.

For the �rst three perspectives, our comparisons focus only on the learnt latent

representations for facial identity and expressions using the same dataset, which is

easier for comparison. Moreover, in the visualisation of various applications of our

disentangled latent codes, we also consider the additional capability of our implicit

deep learning to disentangle facial parts. This further explores the e�ectiveness of

our overall 3D face modelling architectures.

In this thesis, we not only present comprehensive comparisons between our

methods and other state-of-the-art face modelling methods proposed in recent years

but also conduct an intra-comparison of our own methods, with a particular focus

on 3D face modelling.

1.4 STRUCTURE OF THE THESIS

The following chapter presents a comprehensive review of existing studies relevant

to the topics explored in our study. This includes a thorough review focussing on

3DMMs, with their fundamental components,i.e., representations of 3D shapes, and

the deep generative models that support the construction of 3DMMs, and studies

most directly connected to our research.
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Chapter 3 focuses the research on 3D face disentanglement of facial identity

and expressions, across a variety of scenarios. Through comprehensive validations

on multiple datasets, we demonstrate the robustness and superior performance of

our proposed architecture. Moreover, we explore various applications based on this

method.

Chapter 4 provides a detailed explanation of our research topic on implicit 3D

face modelling on identity, expression and facial regions. In this chapter, we present

an in-depth description of our architecture, the data augmentation strategy and the

improvements implemented for 3D face reconstruction. Additionally, we provide

comprehensive evaluations on various datasets, comparing our results against state-

of-the-art approaches. This chapter further discuss the practical applications of our

research.

Chapter 5 describes a thorough comparative analysis of our proposed methods

for 3D face modelling. We not only present new evaluation results that highlight the

strengths and limitations of each method in this chapter, but also introduce di�erent

applications based on our studies.

A �nal chapter concludes the thesis by summarising the key contributions in 3D

face modelling, critically discussing the potential limitations of our methods and

exploring future work.



2

Literature Review

In this chapter, a comprehensive review of the literature relevant to the proposed

research topic is presented. It provides not only the broader context within which

our research is situated, but also the research gaps this work is intended to �ll. The

literature review is structured as illustrated in Figure 2.1 and the various sections

will examine the following essential components of our work:

i. Representations of 3D shapes , establishing the fundamental knowledge

necessary for understanding models of 3D shapes. This includes both explicit

and implicit representational forms, which will be described in Section 2.1.

ii. 3D Morphable Models (3DMMs) , as the core of our literature review and

introduced in Section 2.2, 3DMMs are generative models originally designed

by Blanz and Vetter [5] for linear representations of facial shape (identity and

expression) and texture.

iii. Deep generative models , focussing on Variational Autoencoders (VAEs) and

Generative Adversarial Networks (GANs) in Section 2.3, represent the deep

network technical foundation commonly adopted for constructing 3DMMs.

iv. Literature that is most closely related to the thesis contributions ,

including learning of 3D face latent representations of identity and expression,

and separate facial regions, which aim to achieve disentanglement, will be

discussed in Section 2.4.

Finally, we close the literature review in Section 2.5, by analysing key �ndings and

highlighting their relevance to our studies.

11
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Figure 2.1: Conceptual framework for the relationship between the various literature
review sections.

2.1 3D SHAPE REPRESENTATIONS

This work focuses on the analysis of 3D face shapes, aiming to develop sophisticated

deep 3DMMs, the details of which are extensively discussed in Section 2.2. In this

section, we introduce representations of 3D shapes, a fundamental component for

understanding 3D face modelling.

2.1.1 Explicit Representations of 3D Shapes

3D shapes can be described using various explicit representations including voxels,

point clouds and meshes. Figure 2.2 shows the Stanford bunny 3D shape using these

representations. Typical explicit representations are:

ˆ Depth Maps : 2D images that encode depth information, enabling 3D shapes

to be represented by RGB-D (color and depth) images captured from di�erent

viewpoints and projected into a 2D plane [108].

ˆ Voxels : analogous to pixels in 2D images, represent 3D shapes through a

regular grid structure in 3D space and are commonly used in 3D reconstruction

but may necessitate signi�cant resource consumption as resolutions increase.



2.1. 3D Shape Representations 13

Figure 2.2: Three types of explicit representations for the Stanford Bunny object:
meshes, point clouds and voxels.

ˆ Meshes: composed of vertices, edges and faces, o�er lower memory and

computational costs compared to voxels. Mesh vertices fully contain all local

surface information, including vertex connectivity, and the surface normal

at any point on the shape surface can often be approximated by a nearest

neighbor or a local linear combination of vertex normals. Their inherent

connectivity facilitates the application of graph-based Convolutional Neural

Networks (CNNs), leading to high-quality reconstructions of 3D objects.

ˆ Point Clouds consist of a set of sampled 3D coordinates that represent the

surfaces of 3D shapes. They are e�ective in capturing �ne details, relatively

easy to obtain and also convenient to process.

Figure 2.3: PointNet architecture (�gure cited from [86]).

The introduction of PointNet [86] and its extension, PointNet++ [87], marked

a signi�cant milestone in the processing and popularisation of point clouds. We
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Figure 2.4: PointNet applications (�gure cited from [86]).

will provide detailed introductions to these models since we employed PointNet as

the base network for training our explicit face model. PointNet [86], a uni�ed deep

network architecture, directly uses point clouds due to their permutation invariance,

for many applications, including part segmentation, object classi�cation and scene

semantic segmentation, as detailed in Figures 2.3 and 2.4. Given the traditional

CNN's requirement for a more regular grid structure and the irregular format of point

clouds that are less complex than meshes, a straightforward and widely adopted

deep network was proposed that processes unordered point clouds directly as both

input and output. As depicted in Figure 2.3, for the task of object classi�cation, the

classi�cation network takesn sampled points represented as 3D coordinates(x; y; z)

through input and feature transformations, and employs max pooling to aggregate

the features of all sampled points into global features, yieldingk predicted scores

for the corresponding classes. For a more complex segmentation task, an additional

network resolves it by leveraging not only the global features but also the local

features of each point. These concatenated global and local features are then used

to predict scores for each point.

To address the limitations of PointNet and improve its ability to recognise �ne

details, capture local structures and improve generalisability for complex scene

segmentation tasks, Qiet al. proposed an enhanced version named PointNet++

[87], a hierarchical feature learning network to combine features at multiple scales.

This approach signi�cantly improves upon the original model's performance in

scene segmentation, as illustrated in Figure 2.5, by addressing several drawbacks of
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PointNet:

1. PointNet employs only a single max pooling layer for all sampled points,

leading to information loss. In contrast, PointNet++ introduces a hierarchy

of abstraction layers that progressively process points to abstract larger local

regions across di�erent scales.

2. Unlike PointNet, which applies point-wise Multilayer Perceptrons (MLPs) to

extract features for each point, PointNet++ introduces two key layers,i.e.,

sampling and grouping, which enables the selection of certain points from the

input as centroids for local regions and the construction of these local regions

by identifying neighbours of these selected points.

3. In the segmentation network of PointNet, global features are directly con-

catenated with local features. PointNet++, however, subsamples points and

interpolates features on these points before concatenating them with skip-

linked local features from the corresponding scale to achieve more distinctive

segmentations.

Figure 2.5: The comparative performance between PointNet and PointNet++ in
room scene segmentation, `Ours' refers to PointNet++ method (�gure cited from
[87]).

In addition to PointNet and PointNet++, which are based on point cloud rep-

resentations, several other methods utilise di�erent explicit representations of 3D

shapes. For example, Yanet al. employed voxel representation in an innovative way
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to train a single view AE model for 3D volumetric reconstruction in an unsupervised

manner, combining an image encoder, volume decoder and perspective transformer

[111]. Chenet al. proposed a novel deep GAN for 3D shape detailisation, which

re�nes low-resolution coarse voxel shapes through voxel upsampling to achieve higher-

resolution shapes with geometric details [17]. Zhouet al. introduced a Point-Voxel

di�usion network, employing denoising di�usion models with hybrid point-voxel

representations of 3D shapes, pioneering a di�usion process that e�ectively captures

the underlying structure and patterns by mutually transforming point clouds and

voxel grids [119]. For meshes, MeshGAN [19] built non-linear 3DMMs using mesh

representations. Liuet al. chose meshes for their 3D surface representations, enabling

easy optimisation based on many graphics techniques and arbitrary shape manipu-

lation for applications like relighting and simulation [69]. They leverage the graph

structure of 3D meshes and represent these meshes with deformable tetrahedral grids,

marking the �rst application of a di�usion model for the unconditional generation of

high-quality 3D meshes. Tarasiouet al. described the Locally Adaptive Morphable

Model (LAMM) [101], which encodes a source mesh into a latent code and applies

additional displacements at speci�c controlled points within each facial region to

generate semantically partially changed new faces.

2.1.2 Implicit Representations of 3D Shapes

As one of the many 3D shape representations, deep implicit functions are gaining

increasing attention. Unlike traditional explicit representations (e.g. point clouds,

meshes and voxels), deep implicit functions describe shapes within a continuous

volumetric �eld, de�ning the spatial relationship between points and surfaces. Such

representations are capable of representing shapes with �exible topologies and

continuously increasing resolution under reasonable memory consumption.

In 2019, Parket al. introduced a learnt continuousSigned Distance Function

(SDF) [79] that facilitates high-quality representation, interpolation and completion

from partial or noisy 3D data. SDF represents shape surfaces within a continuous

�eld, where the sign determines whether points are inside (negative) or outside

(positive) the shape, and the magnitude indicates the distance to the surface bound-

ary with the boundary itself as the zero level-set of the SDF. Concurrently, the

introduction of occupancy probability has become another option that can be used

to achieve �exible resolutions and is more robust to complicated topologies [72,
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Figure 2.6: Two types of implicit representations: left: occupancy functions (the
chair from [72]); right: SDFs (the Stanford bunny from [79]).

18, 66]. Meschederet al. implicitly represented the 3D surface as a continuous

decision boundary, approximating a 3D function that assigns every possible point

an occupancy probability between 0 and 1 [72]. Both SDF and occupancy function

representations are depicted in Figure 2.6.

Since the early developments in deep implicit representations, exempli�ed by

DeepSDF [79] that leveraged the auto-decoder model, there have been improvements

in coarse reconstruction of shapes such as chairs and airplanes, yet challenges remain

at �ner levels of detail. Subsequent advancements have been presented to enhance

the 3D shape reconstruction performance in these implicit representations, especially

in detailisation, as highlighted by [29, 98, 63]. Duanet al., inspired by the human

learning process that begins with simpler tasks and moves to more complicated ones,

proposed a shape curriculum learning approach, organising tasks in an ascending

order of di�culty based on surface accuracy [29]. It outperformed DeepSDF on re-

construction under the same architecture as well as the same set of training data and

number of epochs. Unlike DeepSDF that persistently focuses on the same objective,

such an approach started from the learning of smooth shapes with a high tolerance

parameter. Such a method allows errors smaller than parameters during SDFs

estimation, enabling control over surface accuracy through the adjustment of the

tolerance parameter. Lipman designed a new loss function for training implicit neural

representation directly from input raw geometry, where the learnt density function

converges to an accurate occupancy function, and its logarithmic transformation
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converges to a distance function [63]. Takikawaet al. combined a small surface

extraction neural network with a sparse-octree data structure, achieving state-of-

the-art geometry reconstruction quality and enabling real-time rendering in 2021 [98].

Figure 2.7: Comparison of shape representation between SIRENs and ReLU implicit
representations (�gure cited from [91]).

Sitzmann et al. [91] proposed a general pipeline, Sinusoidal Representation

Networks (SIRENs), that is capable of being applied on multiple scenarios like

representing images, wave�elds, video and sound. SIRENs leverage periodic activation

functions with MLPs for implicit neural representations, enabling the robust �tting

of complicated 3D shapes and their derivatives, as well as addressing challenging

boundary value problems, outperforming traditional MLP networks with ReLU

activation in SDFs-based reconstruction, as illustrated in Figure 2.7. Such an

approach signi�cantly improves the capacity of neural networks that employ implicit

functions to reconstruct �ne details of objects and the complexity of scenes. Moreover,

one of the most challenging issues for a network with sine activation functions is

its initialisation, which impacts the network's �nal performance and convergence

speed during training. To mitigate this issue, Sitzmannet al. presented a novel

initialisation scheme for training SIRENs that preserves a normal distribution with

a stardard deviation of 1 for each input to the sine activation function through the

network, ensuring the output derived from the initialisation remains independent of

the layers of networks.

In our work on 3D face modelling, we utilised SIRENs and their initialisation

scheme to learn priors for implicit representations,i.e., SDFs, e�ectively �tting

di�erentiable SDFs to parameterise 3D human faces, especially focusing on details

of facial regions. To generate unseen new faces in our research, the learnt latent

codes are essential. Adopting the idea from Sitzmannet al. , where each SIREN is

de�ned by its parameters, we modelled latent codes onto these parameters in order
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to learn a latent space for implicit representations, di�erent from previous methods

that typically learn latent codes for general 3D objects or scenes.

On the other hand, deformation networks have been speci�cally designed for

use with implicit representations. The exploration of deformed implicit networks

for objects with complex geometric variations was investigated in [118, 27, 95,

47]. Denget al. focussed on leveraging a template implicit �eld across object

categories, representing 3D shapes through their combination with the template,

3D deformations and corrections [27]. Zhenget al. learnt a plausible template

and employed Long Short-Term Memory (LSTM) as a spatial warping module to

achieve point-wise transformations in an unsupervised manner [118]. Furthermore,

Sundararamanet al. [95] and Junget al. [47] developed auto-decoder-based networks

to reconstruct a 3D deformation �eld between a �xed template and a target shape.

Concurrently, the application of implicit representations in 3D face, body and

hand modelling has emerged, such as [96, 113, 89, 21]. For instance, Yenamandra

et al. introduced i3DMM [113], the pioneering deep implicit 3D morpable model of

full heads, and created a new dataset consisting of 64 subjects, each with di�erent

expressions and hairstyles. This method established a 3D model through the use

of a reference network that encodes a single reference shape, allowing all individual

shapes to be deformed towards this reference without learning a latent code for the

reference shape itself. Additionally, a shape deformation network was developed to

learn the latent codes of the displacement aligning the corresponding shape with the

reference. Furthermore, a colour network was proposed to accurately capture the

colour for the given shape and hairstyles. Giebenhainet al. proposed a novel 3DMM

for complete human heads [38], innovatively embedding the human identity within a

canonical signed distance �eld and the expressions within a neural deformation �eld.

Additionally, they released a newly captured dataset comprising over 5200 head

scans, including 29% female, from 255 di�erent identities. A Pixel-aligned Implicit

Function (PIFu) [89], introduced by Saito et al., enables textured surface inference

of clothed 3D humans from a single or multiple input images. PIFu aligns individual

local features at the pixel level to the global context of the entire object. Chibane

et al. utilised occupancy functions in their approach [20]. Instead of using a single

latent code to encode a 3D shape, they constructed a rich encoder for the input data

by subsequently convolving it with learnt 3D convolutions to create multi-scale deep

features. For the decoder, they extracted deep features from the grid at continuous

point locations to determine their occupancy probability. This approach successfully
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reconstructs articulated structures,i.e., human body, while preserving input details.

2.1.3 Analysis

The use of both explicit and implicit representations is widespread in 3D modelling,

each bringing its unique strengths, as introduced in Sections 2.1.1 and 2.1.2. While

signi�cant advancements have been made and many innovative ideas have been

proposed, challenges remain in learning latent spaces for speci�c facial regions and

generalising to unseen facial parts, especially when using implicit representations.

Although explicit representations, such as point clouds and meshes, have shown

progress in this area, they come with limitations, particularly in achieving �exible

resolutions, an inherent advantage of its implicit counterpart.

On the other hand, the use of unsupervised networks for modelling 3D facial

identity and expression has attracted considerable research interest for both explicit

and implicit representations. The lack of corresponding identity and expression

ground truths in real-world scenarios, however, adds complexity to this issue.

2.2 3D MORPHABLE MODELS (3DMMS)

In this section, we focus on the technical core of our research,i.e., 3DMMs. We

begin with an introduction to the foundational 3DMM [5], which was �rst proposed

in the late 1990s, and outline its subsequent development.

Much work focuses on analysing 2D and 3D images of the human face in terms

of their physically-meaningful components,i.e., subject identity, facial expression,

surface re�ectance, illumination and camera parameters. The introduction of 3DMM

is an early notable milestone, which was proposed by Blanz and Vetter in 1999 and

speci�cally designed to model textured 3D faces. This innovative model, represented

by a multi-dimensional 3D morphing function, accurately maps shapes and textures

with dense correspondence into a vector space, rather than relying on facial feature

points alignment, and generates new faces through linear combinations of a base

`prototype' face, as mathematically represented in Equation(2.1) for shape, and

Equation (2.2) for texture.

S = S +
mX

i =1

� i si ; (2.1)
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T = T +
mX

i =1

� i t i ; (2.2)

where S 2 R3n (x1, y1, z1, ..., xn , yn , zn) represents the facial shape vector and

T 2 R3n (r1, g1, b1, ..., rn , gn , bn ) represents the facial texture vector, consisting ofn

points. S and T denote the mean shape and texture, respectively.� and � are the

parameters for the descending order eigenvectorss and t , respectively. Additionally,

m typically represents the number of principal components in the model. This model

enables the automatic alignment of the 3D face morphable model with 2D images

and facilitates the registration of new 3D face shapes. The model was built from the

�rst 100 shape principal components and the �rst 100 texture principal components,

both derived from 200 exemplar faces, where new characters can be generated from

modifying the facial attributes by varying the model coe�cients.

2.2.1 Developments of 3DMMs

Further improvements by Blanzet al. [4] re�ned the model by applying PCA not

only to the shape space for geometric representation but also to the incorporation of

expressive principal components, which is a common practice. From then on, work

of others concentrated on identity and expressions analysis. Bouazizet al. proposed

a dynamic 3D expression model that combined an identity PCA model, a dynamic

expression template, and a parameterised deformation model in a low-dimension

space [9]. This model was able to transform the neutral shape to generate user-speci�c

blendshapes without requiring manual assistance. A statistical and multilinear model

[10] was employed to analyse facial identity and expression, exploring their variations.

This model decomposed a high-dimensional global shape space into many localised

and decorrelated low-dimensional shape spaces, enabling it to avoid over�tting during

training, learn local �ne details, and �t 3D faces from noisy and occluded shapes

from various sources.

In subsequent years, 3D face models were developed that use more sophisticated

shape morphing techniques (exempli�ed by the widely used Basel Face Model

(BFM) [81]) or leverage a larger body of 3D training samples [8, 6, 7]. The BFM

was constructed based on 200 face scans from the training set, consisting of 100

male and 100 female faces. These face scans were captured using a high-quality

scanning device that was intended to improve the precision of shape and texture, and

correspondence between scans was established through the Optimal Step Non-rigid
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Iterative Closest Points (NICP). To facilitate the synthesis of new faces, the shape

and albedo PCA models are learnt, enabling detailed and accurate facial modelling.

Booth et al. developed a statistical feature-based texture model from �in-the-wild�

facial images, which fully corresponded to a statistical shape in both identity and

expression variations [6]. Furthermore, Boothet al. [8, 7] were the �rst to propose

a large-scale 3DMM in a neutral expression, constructed automatically from 9,663

di�erent face identities, and tailored for speci�c gender, age and ethnicity groups.

Prior to their work, 3DMMs were constructed using small datasets with manual

preprocessing work for face meshes. Constructing a 3DMM typically involves two

critical stages: establishing dense correspondence between face meshes to ensure

a shared topology, and performing similarity alignment and statistical modelling.

In their methodology, Booth et al. automatically localised the landmarks and then

employed NICP based on these automatic landmarks to align all meshes to a template.

Finally, they constructed a global PCA from the face meshes. The automatic dense

correspondence proposed in [7] not only uses NICP but also compares with other

two `UV' based interpolation techniques, UVTPS and UV-Optical Flow (UV-OF). A

2D `UV' space was de�ned for each face mesh and associated with its corresponding

3D surface through a bijective mapping. Thus, the correspondence between two

`UV' images represented the corresponding between two mapped 3D meshes. The

comparison proved that, compared with UVTPS and UV-OF, NICP is a much better

candidate for building an anatomically accurate and relevant statistical model.

Recent developments in 3D face modelling have expanded the scope of models

to cover the full cranium as well as the face [25, 24]. The model proposed by

Dai et al. was the �rst public shape-and-texture craniofacial 3DMM of the full

head, which could be used in the clinical applications for several types of surgical

intervention. This innovative work not only built a global craniofacial 3DMM but

also developed demographic-speci�c sub-population 3DMMs (male, female, aged less

than 15, aged between 15 to 30, aged between 31 to 50, aged over 50, using data

from 1,212 subjects, 606 female and 606 male) within the Headspace dataset. It also

introduced a high-quality texture map for statistical texture modelling. Ploumpiset

al. extended this innovation by presenting a comprehensive fused 3DMM of head

shapes, including the face, cranium, ears, eyes, teeth and tongue [84]. To achieve this

nearly complete model, they blended the facial detail from an existing face model,

i.e., the Large-Scale Face Model (LSFM) [8], with the existing full head model,i.e.,

the Liverpool-York Head Model (LYHM) [25] and they called this the Universal



2.2. 3D Morphable Models (3DMMs) 23

Head Model (UHM). They proposed an interesting idea to �nd a universal covariance

matrix that combines the covariance matrix of the highly detailed facial attributes

from LSFM and the covariance matrix of the head distribution from LYHM, using a

Gaussian processing framework.

FLAME (Faces Learned with an Articulated Model and Expressions) [61], as

proposed by Liet al., is a highly in�uential 3D morphable model in the domain, which

is a statistical expressive head model that explicitly separates the representations

of identity, expression and pose. Incorporating neck, jaw and eyeballs into the

identity latent space, FLAME is based on the analysis of 3,800 head shapes for

identity, pose parameters from 8,000 registered heads, and expressions from 21,000

registered frames of 3D motion sequences. DECA (Detailed Expression Capture and

Animation) [31] regresses a parameterised face model with geometric details and

generic expression parameters. This process enables reconstruction of a detailed 3D

head model with detailed face geometry from a single face image.

While many of these models operate within a linear subspace following a Gaussian

distribution, recent innovations have seen the introduction of models that incorpo-

rate articulated components with non-linear transformation [106, 19], signi�cantly

augmenting the representation power of 3DMMs. Tran and Liu proposed a non-linear

3DMM that utilised a CNN encoder to estimate the parameters for shape, texture

and projection, as well as two decoders for mapping these parameters back to their

corresponding 3D shapes and textures [106]. Remarkably, this model learnt the

non-linear 3DMM directly from unconstrained 2D faces images without collecting

3D scans. Chenget al. employed ChebNet [26] as the core network architecture to

build a generator and discriminator to learn the non-linear identity and expression

representations [19]. Moreover, it is a signi�cant common practice among many

non-linear 3DMMs to decouple the identity and expression features from a 3D face

shape during the model's construction, a technique exempli�ed by the work of Cheng

et al. [19]. Further contributions include the work of Tewariet al., who demon-

strated multi-frame video-based, self-supervised training methodology for a deep

network that disentangles facial shape, appearance, expression, and illumination

[102]. Additionally, Liu et al. proposed a framework for learning a non-linear face

model by treating 3D scans as unorganized point clouds, thereby transforming them

into shape and expression latent representations before reconstructing the 3D shapes

[64]. Similarly, Liu et al. explored the use of an encoder-decoder network to regress

3D face shapes from 2D face images, e�ectively disentangling the identity from
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non-identity components of 3D face shapes [65].

Recent studies have introduced novel 3DMMs [70, 59, 103, 32, 113, 117, 38, 101]

provide unique contributions to 3D face or head modelling. These developments

highlight the continuous innovation in the �eld, o�ering diverse applications and

improved modelling techniques. Our research, while aligning with these innova-

tive algorithms, speci�cally focuses on constructing shape-based non-linear 3DMMs

without incorporating texture. By exploring more semantically segmented represen-

tations for 3D expressive faces � disentangling identity and expression, and further

segmenting the facial shape into several semantic regions for modelling, our approach

distinctively enhances the understanding in the structural aspects of 3D modelling.

2.3 DEEP GENERATIVE NETWORKS

Following recent progress in deep generative networks, the study of 3D shape

reconstruction has seen a gradual rise in attention. A desirable generative model is

able to synthesise highly realistic and varied 3D shapes. Given that we plan to use

the VAE architecture and GAN in the proposed work, we primarily introduce these

two generative models and elaborate on their application in 3D shape modelling,

with a particular focus on 3D face modelling, as explained in Section 2.3.1 and

Section 2.3.2, respectively.

In addition to these two models, di�usion models have emerged as a signi�cant

contender. Known for their excellent ability to generate high-resolution 2D images

of diverse quality with high �delity [45], di�usion models have recently attracted

considerable attention. Among others, DreamFusion [85] represents a pioneering

application of di�usion models to text-to-3D shape synthesis.

2.3.1 Variational Auto-Encoders (VAEs)

VAE has emerged as one of the most popular and foundational networks across

various architectures in the domain of generative models. The general VAE framework

is shown in Figure 2.8.

To explore the mathematical details of VAE, we begin with an explanation of

the simpler auto-encoder (AE) architecture. The core principle of AE architecture

involves employing neural networks as the encoder and decoder component. The

encoder reduces the dimensionality of the input data, while the decoder reconstructs
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Figure 2.8: General framework of VAE.

the original data from the learnt, comparatively low-dimensional space. A signi�cant

challenge in reconstructing data from an AE is to ensure the regularity of the new

reconstructed data, which heavily depends on the distribution of the original dataset.

In response to this issue, Kingma and Welling proposed VAE [54], which adopted a

probabilistic approach to addressing the limitations of traditional AEs by modelling

the distribution of input data. Although VAE shares a similar architecture (encoder-

decoder) with AE, its encoder represents a distribution over the latent space, rather

than encoding a single latent code for each input.

To provide a comprehensive understanding of VAE, we present an overview from

a mathematical perspective [53]. We assume the input observed data is denoted byX ,

and its corresponding latent variable, which is learnt by the encoder, is denoted byz.

VAE aims to estimate the parameters� to model the probability distribution p(X )

of the observed data. To facilitate the learning of the latent variablez in the encoder,

a distribution p(zjX ) is approximated, which represents the posterior distribution

of the latent variables given the observed dataX , as denoted by Equation(2.3).

Subsequently, the decoder models the conditional likelihood distributionp(X jz)

to maximise the likelihood of the observed datap(X ), which is represented in
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Equation (2.4).

p(X ) =
Z

p(z) p(X jz) dz; (2.3)

� � = arg max
�

Z
p(z) p� (X jz) dz; (2.4)

where the prior distribution p(z) over the latent variables is de�ned, from whichz is

sampled.

Due to the intractable posterior distribution of p(zjX ), the distribution q� (zjX )

is employed to approximate it. We use the Kullback-Leibler (KL) divergence term

DKL (q� (zjX ) jjp(zjX )) to minimise their di�erence, as expressed in Equation(2.5).

DKL (q� (zjX ) jjp(zjX )) = Ez

"

log
q� (zjX )
p(zjX )

#

: (2.5)

While the KL term DKL (q� (zjX ) jjp(zjX )) is not computable due to the intractable

nature of p(zjX ), another KL term DKL (q� (zjX ) jjp(z)) is applied to measure the

similarity between the approximated posterior distributionq� (zjX ) and the prior

distribution p(z), as formulated in Equation (2.6),

DKL (q� (zjX ) jjp(z)) = Ez

"

log
q� (zjX )

p(z)

#

; (2.6)

where the prior p(z) is assumed to be a unit Gaussian distributionN (0; I ).

Under the assumption we explain above, the latent variablesz are approximately

distributed with q� (zjX ). Therefore, the corresponding log-likelihood of the observed

data is rephrased as follows,

logp(X ) = Ez� q� (zjX ) [logp(X )]

= Ez� q� (zjX )

"

log
p(z) p(X jz)

p� (zjX )

#

= Ez [logp(X jz)] � Ez

"

log
q� (zjX )

p(z)

#

+ Ez

"

log
q� (zjX )
p� (zjX )

#

:

(2.7)

Combining Equations(2.5), (2.6) and Equation (2.7) one can further derive Equa-

tion (2.8):

logp(X ) = Ez [logp(X jz)] � DKL (q� (zjX ) jjp(z))

+ DKL (q� (zjX ) jjp� (zjX ))

� Ez [logp(X jz)] � DKL (q� (zjX ) jjp(z)) ; (2.8)
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whereEz [logp(X jz)] is for recovering the input data from its latent representation

by the decoder. We minimizeDKL (q� (zjX ) jjp(z)) to make the posterior distribution

DKL (q� (zjX )) close to the prior distribution p(z).

Thus, VAE aims to maximise the Evidence Lower Bound term (ELBO) on the

log-likelihood of the observed dataX , which is represented in a concise manner, as

shown in Equation (2.9):

logp(X ) = Ez� q� (zjX ) [logp(X )] � ELBO; (2.9)

where the ELBO is de�ned as the following expectation:

ELBO = Ez [logp(X jz)] � DKL (q� (zjX ) jjp(z)) : (2.10)

In other words, VAE optimises parameters� for the decoder and� for the encoder

to maximise the log-likelihood of the observed dataX , as expressed as follows,

� � ; � � = arg max
�;�

logp(X ) : (2.11)

Simply put, the negative ELBO is considered as the loss function of VAEs.

As the essential mechanism of VAE has been discussed, it is imperative to explore

their deployment across diverse architectures to address a variety of problems,

particularly within the context of 3D generative models.

Tan et al. designed a mesh VAE network to navigate the probabilistic latent

space of 3D surfaces, e�ectively capturing the most important mesh-based rotation-

invariant features [99]. It enabled the learning of reasonable representations for sets

of deformation shapes, such as human bodies in di�erent poses, expressive faces and

hands with diverse gestures, and facilitated the generation of new shapes not present

in the original dataset.

While VAEs excel in reconstructing the complex shapes, they often produce

blurry outcomes. To address this, Liuet al. proposed an innovative approach that

initially learns global latent variables and then integrates them with local latent

codes representing a single level of feature abstraction, aiming to reconstruct objects

that are realistic rather than blurry [67]. Bagautdinov et al. used a VAE for 3D

face modelling with multiple levels of latent variables, where lower levels capture

global information and high levels focus on local deformations [3]. They performed

interpolations of only the higher-level latent variables with �xed lower ones to

transition high-frequency details from beardless to bearded faces. If interpolations

were done on lower-level variables, the entire face geometry would be changed.
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Both Kim et al. [51] and Li et al. [60] achieved more sophistication of 3D

shape reconstruction, conducting VAE-based models using the ShapeNet dataset [14],

which includes models of various categories, such as bags, airplanes and lamps. Kim

et al. integrated an attention-based transformer with VAE architecture, proposing

a novel hierarchical VAE that learns latent representations at multiple scales [51].

It enables the capture of coarse-to-�ne dependencies among categorical elements,

generating high-quality, diverse objects across various categories. Liet al. employed

the shape primitive-based point-cloud representations and designed a part-aware

VAE framework to semantically disentangle the object parts,e.g. chairs, into latent

spaces [60]. This framework includes 3D point clouds, 3D shape primitives and pose

transformations to a canonical coordinate system.

VAE-based models are extensively used in the complex reconstruction of 3D

shapes using di�erent representations,i.e., point clouds, voxels, meshes and implicit

representations, requiring learning a suitable distribution in the latent space and

facilitating applications in shape completion and shape arithmetic. In our architec-

ture, we employ VAEs to learn separate probabilistic latent variables for identity

and expressions, as well as facial parts, rather than a global representation for the

entire face, in order to capture �ner details within each part.

2.3.2 Generative Adversarial Networks (GANs)

In addition to VAEs in the domain of generative models, our work also leverages the

GAN [39], a signi�cant model introduced by Goodfellowet al. in 2014. The general

GAN framework is shown in Figure 2.9.

Comprising a generator and a discriminator, GAN was the �rst to refer to

adversarial examples within the context of generative models, a concept primarily

used as the input to classi�cation networks. The core idea of GAN is that the

generator learns to capture the distribution of input data and generates new data

samples, while the discriminator estimates a probability, indicating to which extent

the given sample is built up from the actual data distribution or produced by the

generator. Therefore, to produce convincingly realistic samples, the generator aims

to maximise the con�dence that the discriminator will classify its generated samples

as real data, thereby enforcing the generated distribution to closely approximate the

data distribution.

Similar to the work in Section 2.3.1, a mathematical explanation to ensure a
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Figure 2.9: General framework of GAN.

thorough and sound introduction will be provided. A prior distribution for the

random latent variables in the generator is de�ned aspG (z), and the generated

samples are denoted by Equation (2.12) as follows,

X g = G(z; � ) ; (2.12)

where� denotes the parameters to be learnt in the generator. The discriminator takes

the samples as input, which could either be real or generated, and the probability

estimated by the discriminator is expressed as follows,

pD = D (X ; � 0) ; (2.13)

where� 0 denotes the parameters to be learnt in the discriminator. The goal of GAN

is for the generator to fool the discriminator into failing to distinguish between true

samples (from the real input data) and false ones (generated by the generator). Thus,

when expressed mathematically, an e�ective discriminator for the generator implies:

max
G

min
D

h
Ez� pG(z) [log (D (G(z; � ) ; � 0))] + EX � pdata [log (1 � D (X ; � 0))]

i
; (2.14)

whereX � pdata denotes true samples following the distribution of input data.
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During the initial stages of training, the discriminator can easily classify the

two distributions with high con�dence, as they may distinctly separated. However,

as the iterative `two-player' competition progresses between the generator and

discriminator, it becomes increasingly challenging for the discriminator to accurately

identify the generated distribution, enhancing the capabilities of both the generator

and discriminator.

GAN-based models have emerged in recent year as pivotal techniques in 3D

shape reconstructions, including 3D face reconstruction. Employing the GAN

architecture in 3D shape modelling o�ers several advantages. First, novel 3D

objects can be sampled from a latent space distribution, similar to VAEs, with both

approaches learning a probability space. Second, the capability of the discriminator

to classify makes it well-suited for 3D shape recognition. Below, we introduce some

of these methods [107, 121]. Wuet al. combined volumetric convolutional networks

with generative adversarial nets, encoding 2D images into a probabilistic latent

space and reconstructing corresponding 3D objects [107]. A 3D GAN model was

trained for each object category, successfully generating high-resolution 3D objects

with detailed geometries. In 2018, their research group proposed an adversarial

framework for modelling 3D shapes rendered to 2D images, as detailed by Zhuet al.

[121]. They developed a category-speci�c model that disentangles latent spaces for

shapes, viewpoints and textures separately, employing a GAN for mapping latent

representations to 3D voxels, using latent codes for viewpoints to jointly create 2.5

sketches, and leveraging a texture network with texture embeddings to synthesise

2D images.

With the rapid development of GAN and its numerous applications, the challenge

of limited supervision during training process has garnered attention. Tanget al.

proposed a GAN that, instead of mapping latent representations directly to 3D

objects, learns local warping functions [100]. For their discriminator, Tanget al.

utilised point-wise loss functions to ensure tight �tting among local regions for

complete object reconstruction, classifying global latent features predicted from both

the reconstructed point clouds by the generator and the real sample point clouds.

In their generator, they prede�ned 3D prior distributions for local areas on 3D

grids, concatenating these with a globally learnt latent code that was split into local

latent codes to predict local warping functions for corresponding point clouds. This

innovative lightweight network e�ciently produces uniformly distributed 3D point

clouds with various resolutions.
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For 3D face reconstruction, Moschoglouet al. introduced 3DFaceGAN [75],

the �rst GAN speci�cally designed to model the distribution of 3D facial shapes,

capturing high-frequency details. This approach involves using 3D face shapes and

corresponding 2D facial UV maps as input to the generator (an AE), with the output

from the decoder, as well as the ground truth 3D faces and 2D face UV maps,

being fed into a pretrained discriminator. This joint architecture of AE and GAN

facilitates the capture and reconstruction of non-linear facial details, such as lips

and eyelids, addressing challenges inherent in some linear PCA models. Additionally,

Otroshi Shahreza and Marcel proposed a GAN-based framework that focuses on face

recognition and learns the mapping from facial templates to the latent space of a

pretrained face generation network, thus generating high-resolution face images [78].

All these studies used GAN architecture, with a focus primarily on the reconstruc-

tion of 3D objects, including faces. Models were trained to achieve a balance between

the generator and the discriminator, enhancing the reconstruction's capability to

achieve a level resistant to discriminator classi�cation. Featuring GANs, our work

di�ers from others in the design of the discriminator that identi�es pairs of shapes

rather than individual ones, enforcing similarity within each pair and being used to

disentangle 3D face identity and expressions.

2.4 CLOSELY RELATED LITERATURE

In this section we examine the literature that we believe is most closely related to

the contributions of this thesis. These works relate to applications such as 3D facial

shape editing and controllable shape deformation, which have played a signi�cant

role in driving the development of 3D face modelling. For example, in non-linear

3DMMs, a global latent representation may limit human understanding and control

over local or �ne-level attributes. Therefore, numerous studies focus on human

facial expression analysis that requires an identity-agnostic expression representation.

Moreover, there is a growing interest in employing smaller partition schemes and

focusing on learning from the entire global latent embeddings for 3D face and full

head shapes. In the following, we discuss two types of disentanglement,i.e., identity

and expression, and parts-based identity, which are bene�cial for improving the

modelling of 3D face images.
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2.4.1 Facial Identity and Expression Disentanglement

Many of the recent 3D face generative models leverage either VAEs, GANs or a

combination of both to deliver the disentanglement of identity and expressions.

Jiang et al. developed a non-linear framework to separate 3D face meshes

into identity and expression attributes by setting neutral expressions,i.e., identity

attributes, as the origin points [46]. They discovered that di�erent individuals sharing

the same expressions tend to lie in a similar high-dimensional manifold. Consequently,

an expression on the mean face implies the same corresponding expression across

di�erent faces. Their expressive latent representations could be learnt from the

mean face and then applied to various identities to replicate the expressions on

di�erent identities, however, this method does not take into account the uniqueness

of expressions as exhibited by di�erent individuals.

Both Sun et al. [94] and Taherkhaniet al. [97] designed conditional pipeline

using expressive class labels, employing two decoders to separately learn identity

and expression representations. These two models di�er in the way to achieve the

disentanglement. Sunet al. implemented the information bottleneck on identity

reconstruction by introducing a mutual information regulariser that eliminates

expressive information contained in the identity latent codes [94]. In the meantime,

Taherkhani et al. employed a combination of supervised VAE and conditional GAN,

which not only decouples identity and expressions but also provides subtle control

over expressions [97]. Conditional GAN distinguishes input data from real or fake

classes and also outputs corresponding identity and expression classes, enabling

disentanglement of both 3D geometry shape and appearance.

Olivier et al. introduced FaceTuneGAN [77], an innovative adversarial AE

architecture equipped with two encoders: one for identity, learning the identity

representation for a speci�c face, and another for expressions, learning the expression

representation for a potentially di�erent face. Additionally, there is a decoder that

generates faces based on the learnt identity and expression latent vectors. Thus,

the ideal outcome for the AE is to reconstruct a face that maintains the identity

from the input face to the identity encoder and the expression from the input to the

expression encoder. A discriminator is employed to enforce that the generated shapes

are realistic and belong to the correct expression class. Abrevayaet al. explored

the use of an auxiliary classi�er GAN (AC-GAN) to factorise the representations,

aiming to separate variations within shapes, such as identity and expressions of
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faces [1]. Meanwhile, Zhanget al. implemented a VAE conbined with graph

convolutional networks to model the distribution between identity and expression for

3D face variations, and used adversarial learning to eliminate correlations between

these two representations and to ensure their independence [116]. Speci�cally, the

learnt identity and expression latent variables from the same facial mesh were

concatenated, representing a coupled distribution, while the independent distribution

was represented by the learnt latent variables from di�erent facial meshes. The

discriminator was trained on pairs of coupled and independent latent variables

to enforce su�cient independence of learnt distributions, e�ectively disentangling

identity and expression in 3D facial models. Kacemet al. integrated a graph

convolutional autoencoder with a GAN to extract identity representations from

expressive 3D faces and reconstructed solely the identity shapes, achieving 3D

expressive face neutralisation through joint training of an AE for both expressive

and non-expressive shapes [48]. Zhanget al. modelled expressions as deviations from

identity by a subtraction operation, and extracted an identity-invariant expression

latent vector via a deviation learning network with a pseudo-siamese structure

[115]. By pretraining an identity model and �xing it during the training of the face

model with expressive faces, they diverged from common approaches that typically

involve summing the embeddings from identity and expressions, opting instead to

use subtraction to obtain the expression representations and �nally classify the

expression.

Figure 2.10: The overall pipeline of ImFace [117].

Recent work by Zhenget al., which greatly inspired our architecture design,

employs SDF as representations [117]. It is closely related to our research questions

RQ1 and RQ2, as outlined in Section 1.1 and Section 1.2 since it utilises implicit

representations with the goal of disentangling face identity and expression. This

approach builds separate deformation �elds, as illustrated in Figure 2.10, enabling

the disentanglement of face identities and expressions. They also introduced a data
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preprocessing technique for creating pseudo-watertight shapes, e�ectively addressing

the requirement for watertight meshes in preparing SDFs for 3D face shapes. Since

achieving watertightness directly from raw data can be trivial, constructing pseudo-

watertight shapes o�ers a practical solution to data processing.

It is noteworthy that most existing methods for 3D face identity and expression

disentanglement employ an AE framework in a supervised manner, relying on identity

ground truths. However, this may pose a practical limitation in real-world scenarios,

as access to identity ground truths may not always be available.

2.4.2 Parts-based Facial Identity Disentanglement

In Section 2.4.1, we introduced multiple methods for 3D facial identity and expression

disentanglement. Furthermore, many models classify the corresponding labels for

expression embeddings,e.g. smiling, crying, shouting, etc., making the generated

expressive faces more speci�c and enabling deformation between di�erent expressions.

Therefore, an increasing number of studies have begun to shift focus towards a �ner

representation of identity, such as learning detailed local representations for facial

parts instead of for the entire face.

Recent studies, as highlighted by [34, 33], de�ned a mesh-convolutional VAE

incorporating dense-corresponded points by leveraging known di�erences and similari-

ties in the latent space to encourage a disentangled representation of identity features.

It is primarily related to our research question, RQ2, as discussed in Section 1.2,

which focusses on achieving disentanglement of parts-based latent representation,

employing explicit representations similar to RQ1 (Section 1.1). Fotiet al. introduced

a novel idea crucial in inspiring our work: mini-batch feature swapping [34]. This

strategy swaps features from one mesh to another by replacing the vertices in the

selected feature regions, as depicted in Figure 2.11. They de�ned a mini-batch as

sizeB as a matrix of size
p

B �
p

B, wherein each row contains the same mesh with

di�erent features, and each column contains di�erent meshes with the same feature.

This arrangement allows for the enforcement of similarities row-wise and di�erences

column-wise through speci�c loss functions.

In the following year, Foti et al. continued to improve their work by leveraging

spectral geometry, without the need for the curated mini-batch procedure and thereby

reducing training time [33]. They designed a novel loss function that encourages

latent embeddings to follow the local eigenprojections of identity attributes and
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