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Abstract

The need for photorealistic head avatars has risen in the past decades, owing to the rising interest in
the AR/VR media formats. An accurate representation of the head will be required in the near future,
which is essential to facilitate communication between users, essentially enabling telepresence. The
need for an improved in-person form of remote communication was made more clear during the recent
COVID-19 pandemic and the ensuing lockdown, where millions of people had to stay away from their
families and workplace for an extensive period of time. Besides, realistic facial avatars have proved
immensely helpful in the movie and gaming industry, where they have often been used to either modify
the actors’ appearance itself, or to drive an entirely virtual but realistically looking digital character,
depending on the demands of the narrative.

Capturing and reconstructing a realistic-looking head-avatar is not trivial, and requires an expensive
setup of multiple synced cameras and lights, and a mathematical understanding of how light interacts
with the skin, hair, cornea, etc. The capture of each subject is laborious and time-consuming. The
creation of digital faces that are indistinguishable from real ones is a formidable challenge due to the
”uncanny valley” phenomenon, where even minor deviations from realistic appearance can render a
digital face unsettling to human observers. However, to achieve the applications of realistic head avatars
in telepresence and AR/VR, the capture and thus creation of realistic digital replicas must be made
accessible. Therefore, a need has arisen to search for methods that can reconstruct and create digital
replicas that are photorealistic but also cheap. Our thesis aims to tackle this problem statement in
two ways, one from the perspective of digital replica generation and the other from the perspective of
creating a digital replica through reconstruction.

Our initial approach to make the creation of digital replicas efficient is a textured head generation
method conditioned on a descriptive text. We aim to create a method that can generate a realistic-looking
head avatar from a text description in an efficient manner, without requiring the manual intervention of
artists or the use of highly specialised software like Blender or Maya. Therefore, it can generate textured
head assets within seconds. However, the texture-based synthesis approach suffered from reduced real-
ism because of the effects of baked-in lighting. Therefore, an approach is required that could construct
a head avatar along with accurate material properties, such that it can be placed in any environment.

Our following work proposes a method to reconstruct a relightable head avatar using just a smart-
phone. Existing works that focus on creating a digital replica from a smartphone do not create a re-
lightable head avatar or require a large amount of data prior to generating a head avatar with appropriate
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material properties. Our proposed method introduces a novel capture strategy that can act as a small-
scale replacement of lightstage-based capture, while only utilising a smartphone. We also propose an
efficient head representation which allows real-time rendering and relighting, making it suitable for the
application of telepresence.

We evaluate our proposed methods on public datasets, and conclude that our methods outperform
state-of-the-art methods, both in the realms of text-based generation and capture-based reconstruction.
We also release our own dataset, recorded using our novel capture setup. Additionally, we discuss
our methods’ limitations, offering insights into potential improvements and outlining promising future
research directions. We hope that this thesis will substantially impact the field and accelerate progress
in 3D Head generation and reconstruction.
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Chapter 1

Introduction

The general public media and forms of communication have seen a shift over the past centuries.
Initial modes of media and communication were limited to text or writing, which lacked the subtleties
of communication while people are talking in person. In the coming decades, and with advancing
technology, a shift was seen from the written form of communication to an audio-based format. Audio is
better at capturing nuances of expression and is able to capture the speaking style of the person, though it
still lacks facial features or expressions of the person on the other end. With the advent of audio-visual
communication, all of these problems seemed to have been solved; however, in the 21st century, the
requirements of communication and media formats have evolved. Holoportation and telepresence are
no longer limited to the spheres of science fiction and are actively being pursued by several giants like
Meta and Microsoft. The idea is whether a person’s presence can be placed in an environment where
they are not present. A person’s presence cannot be merely represented by the two spatial dimensions
that generic forms of audio-visual media provide. Humans being three-dimensional forms of life, a
third spatial dimension is required to fully and accurately represent a person in any environment. This
is where 3D computer vision comes in. The major challenges lie in capturing the appearance of the
person and then representing it accurately at the receiver’s end in a photo-realistic manner, specifically
for the face. Humans, being a social animal, have evolved to develop a keen sense of faces, to recognise
social facial cues of other humans. Therefore, if a digital face deviates even slightly from how an actual
face looks, it starts looking unreal or unnatural, which is usually called the ‘uncanny valley’. Therefore,
making or capturing realistic-looking faces for the purpose of video-games, telepresence, AR/VR is an
active research area in the field of 3D computer vision. The presented thesis also aims to contribute
towards this effort.
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Light-stage capture setup to capture facial
surface properties

Motion Capture used in movies to drive the expression of virtual characters

Figure 1.1 Applications of head capture

1.1 Digital Replica of Human head

1.1.1 Motivation

Photoreal faces have long been a requirement in the VFX industry. It is often required to de-age
the actor, change the appearance, or replace the face of a stuntman with that of the actor. Although
these goals can be achieved to a certain extent while shooting via makeup artists, the innovations in 3D
computer graphics have made it possible to make these changes in the editing room, avoiding a lot of
arduous facial makeup and reduced the prep time for shooting a scene. Multi-million dollar movies like
Avatar use techniques derived from computer graphics and computer vision to capture the expression of
a source actor and transfer it to a generated, realistic-looking avatar.

Besides movies such as Irishmen, The Lord of the Rings, facial expression capture and transfer have
long been used in the gaming industry, which is bigger than the music and movie industry combined.
Making realistic-looking digital replicas of actors is often a goal of big-budget video games. The dig-
ital replica of the actor must capture all the subtle expressions and appearance of the source actor, to
effectively convey the emotion of the character across the screen. While foreground characters may re-
quire high fidelity details, the non-playable characters often can be of lower quality, but require unique
identities. For this, graphic artists have to manually create a large number of faces and human assets.
Therefore, a system that could quickly generate these assets has been desirable to the gaming industry.
As mentioned earlier, telepresence has been a long-standing challenge, where the creation of a photore-
alistic digital replica is a crucial step for immersion and believability. Especially for communications, a
realistic digital head is a must.

Existing approaches to creating a realistic head avatar have focused on capture using a light stage
based [29] setup as seen in Figure 1.1, where the actor is seated within a dome of cameras and RGB
lights. For a given timestep, the same facial expression is visible from multiple directions and can
be viewed under different illumination conditions. The interaction of skin under various light condi-
tions and viewing directions enables the estimation of properties of the surface of the face through an
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analysis-by-synthesis approach. The resulting digital replica is photo-realistic, and can be placed in any
environment realistically, because the interaction of the skin with environmental lighting can be math-
ematically calculated using the light transfer equation [36] and one of the several skin models [17, 35]
presented in literature.

A lightstage capture is able to achieve very high-quality digital replicas, but setting up a lightstage
is very expensive, owing to the hardware required for capturing, syncing and processing such a large
amount of data in parallel. A more accessible approach would be to use commodity smartphone cameras
to capture a realistic avatar as in [1, 47, 95]. However, without knowing the appearance of the skin under
various illumination conditions and from various angles, it becomes an ambiguous problem to estimate
the appearance of the head under a novel illumination setup. With companies investing billions into
AR/VR experiences like the metaverse [77], capturing and rendering realistic avatars must be made
accessible to open up the market to average users. The work done as a part of this thesis aims to
democratise avatar creation from the aspect of both capture and text-based generation.

1.1.2 Challenges

Making a digital replica of a face becomes extremely difficult because the human mind is extremely
perceptive to changes in facial features, and slight deviations from the actual appearance may cause it
to look unnatural or uncanny. Therefore, the replica must appear photo-realistic. Capture and recreation
of a photo-real head avatar has several challenges

• The most accurate way to capture a human head is using a light stage setup, which is neither
scalable nor accessible to the average user. It requires an expensive setup, meticulous calibration
and computationally intensive post-processing.

• Skin as a material is very hard to model, because of the layered nature of the skin. Not all light is
reflected at the surface of the skin. Some light is initially reflected at the oily surface of the skin,
while some goes through it, undergoes some scattering within the upper layers of the epidermis
of the skin, and then is reflected back into the air. This makes modelling the skin mathematically
very difficult. A raytracing-based approach, where each layer of the skin is modelled individually,
would be the most accurate at the cost of being extremely computationally intensive. Several
models for skin exist like [35] which present an approximate solution to the interaction of light
with the skin.

• Besides skin, a human head consists of several other materials, such as those of the facial and
head hair, teeth, tongue and eyes. All of these elements interact differently with light and need to
be modelled accurately for a realistic-looking head avatar. Hair strands need to be modelled indi-
vidually for them to be physically represented in a 3d environment, which is also computationally
expensive.
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• In the case of artificially generated human characters, the digital head must be modelled manually
by an artist using 3D modelling and rendering software like Blender[9], Cinema4D[49], Maya[4].
The process of modelling is very strenuous and requires a strong familiarity with software.

• Editing of the head avatar also requires manual intervention by artists, which in turn, also requires
an expertise in 3D modelling software as those mentioned above.

• There exist few to no public datasets consisting of multiple views of the head under different
illuminations, which makes it difficult to train deep learning based methods to make generalizable,
relightable head avatar models.

1.2 Accessible 3D head avatar generation and capture.

The problem of digital head avatar creation can be tackled from two aspects, one from the aspect
of ease of generation by describing the asset to generate, and the other from the aspect of capturing a
photoreal head avatar without relying on an expensive capture setup. The thesis presents approaches to
both these aspects, which may help democratise the creation of digital head replicas in the near future.

1.2.1 Problem Statement

The thesis aims to tackle some of the challenges that exist in creating a realistic head capture without
requiring an expensive light stage setup or long and tedious efforts by artists. The thesis aims to aid
the artists and VFX engineers in speeding up the capture and creation of a photo-real digital avatar.
Therefore, as suggested earlier, the thesis will target the problem from the aspect of the generation
of digital head assets, given a simple description, as well as provide a novel procedure to capture a
relightable digital head avatar without the use of a light stage setup. We leverage recently developed
2D latent diffusion models[66] for generating text-conditioned 3d assets. Generative diffusion models
have transformed the field of 2D image synthesis, though it has not been fully explored in the realm
of 3D, especially for human heads. We will explain in the upcoming sections that using 2D latent
diffusion models for 3D generation is not straightforward, requiring a computationally intensive iterative
optimisation step, which presents itself as a bottleneck in any asset generation pipeline.

With the goal of making the capture process accessible, we choose a commodity monocular smart-
phone camera as our device of choice. However, it is difficult to estimate how skin interacts with light
under various conditions from a single camera view. A generic approach to capture may lead to a real-
istic head avatar, but the head avatar would not appear realistic when placed in a different environment.
Our novel procedure for relightable head capture exploits how the skin preserves the polarisation of
light, depending on which layer of the skin light has been reflected from.

4



1.2.2 Research Landscape

The two approaches mentioned above can broadly be divided into the following:

1. Geneartive Approach: The success of large-scale vision-language models like CLIP [2] has
spurred significant interest in text-guided generation across various modalities, including 3D. To
leverage these 2D vision-language models for 3D, several approaches like Score Distillation Sam-
pling [58] and Score Jacobian Chaining [78]. These methods allow great diversity in generation,
and allow text-conditioned generation without training on any annotated 3D dataset. However,
this generic text to 3d generative models often suffer from the ’Janus Problem’ as mentioned in
DreamFusion [58], where the 3d head model exhibits duplicated canonical features like double
nose, 3 eyes, etc., on different sides, lacking a coherent and singular 3d structure. To overcome
this, SDS was further extended to a setting specific to human heads, using a parametric head
model like FLAME [44] in works like ClipFace[74] and [89]. Grounding the generative optimi-
sation steps on a parametric model helped avoid the Janus problem, but they still suffered from
the inherent bottleneck of SDS-based methods, which was due to the iterative optimisation-based
approach, which required inference time optimisation for each textual condition.

2. Capture Based methods: The Gold standard for capture-based head avatar reconstruction is a
lightstage, pioneered by Paul Debevec in [17], but it requires specialised hardware and calibration,
and is compute-intensive. Alternate approaches have been developed that optimize an implicit
representation like NeRF[51] as in INSTA[1]. The facial movements are represented by a learning
deformation field conditioned on a parametric head model like FLAME [44]. These methods are
computationally intensive and struggle to perform real-time rendering due to the volumetric ray
marching approach used for rendering, where several points along a ray must be queried to get a
final colour at a pixel. Later methods shifted to using a 3DGS[39] based explicit representation,
which was guided by the parametric head model. Initial works like GaussianAvatar[61] relied on
multiple simultaneous cameras, whereas further work like InstantSplat [72] aimed at creating a
photoreal head avatar from monocular video. These head avatars could be rendered in real-time,
but suffer from their inability to be relit or edited.

Another branch of work [5, 17, 64] tackles this aspect from the lens of physically based inverse
rendering to achieve a head avatar that is relightable under various environments. These methods
use approximations to discern the properties of the skin from limited information that might be
available from multiview RGB images. Though relightable, these methods create a head model
that is static in nature and lacks expression-dependent appearance details like wrinkles.

The above highlighted challenges outline the need for a generative method which is fast and efficient,
one which can create a diverse set of head avatars conditioned on a description, in a short time, while
on the other end, a capture method which can combine the fidelity of a capture setup, while being as
accessible to a user a phone camera. The presented thesis will address these issues.
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1.3 Main Contributions of the Thesis

1. Text Conditioned Generation of 3d Head Avatars: We propose a pipeline that can generate
textured head avatars conditioned on text description in a single feed-forward setup, allowing a
method to create diverse-looking head avatars with minimal text description in under a minute.

2. DuoPolo: Polaroid Filter based Dual Capture of Head using a smartphone camera: A novel
capture setup which utilises a set of cheap polaroid filters to capture a dynamic head performance
of an actor. The polaroid filter allows us to better disentangle diffuse and specular reflections off
the skin.

3. Relightable and Editable Head Avatar representation: We propose a novel representation of
head avatars based on primitives on a texture map, which allows shader-based physical rendering.
This enables the head model to be relit in any environment. It can build a relightable head avatar
from the data captured in the DuoPolo dataset.

1.4 Thesis Roadmap

In this chapter, we briefly discussed about 3D head avatar generation and reconstruction and the
challenges it presents. Furthermore, we discussed briefly recent advancements in the field and the
research gaps that still persist.

In Chapter-2, we will provide relevant background details, which would be crucial for understanding
upcoming chapters, and the major contributions of the thesis. We will briefly discuss various represen-
tations of 3D geometry and parametric head models that have been used or built upon in the work done
during this thesis.

Chapter-3 discusses the task of generation of a textured neural parametric head avatar conditioned
on text, in a fast and efficient manner. We will elaborate on the method, and through our evaluations, we
will demonstrate that our method outperforms existing methods both qualitatively and quantitatively.

In Chapter-4 we will present a novel head representation based on 2D Gaussian splats and a novel
capture setup which can disentangle the diffuse and specular appearance of the surface of the skin.
We quantitatively define that our method outperforms other methods on the proposed dataset, while
performing comparably to existing methods on other monocular datasets.

In Chapter-5, we propose an improvement to the head representation introduced in Chapter-4, mak-
ing it more efficient in terms of computational expense, while also increasing its qualitative and quanti-
tative performance, which makes our method better than all existing methods when tested across various
datasets. We will discuss the improvements made over the previous approach.
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Chapter 2

Background

Before proceeding with the thesis problem statement, we will give a brief overview of relevant top-
ics and related literature, which will help build a framework for understanding the research problem.
The following section discusses the various 3D representations in use today, their advantages and disad-
vantages, and our reasoning behind using some of these representations. Furthermore, we discuss few
parametric head models [44, 75] which were utilized in this thesis. A brief introduction is also given to
Conditional Generative models.

2.1 3D Representations

It is crucial to represent recorded 3D data digitally, and there exist several approaches to it, each with
its own perks and drawbacks. In this section, we discuss briefly the most popular representations.

2.1.1 Explicit Representations

An explicit representation of a 3D surface defines each location on the surface explicitly or directly.
Most common forms of 3D representations used in computer graphics fall under this category.

2.1.1.1 Point Cloud

A point cloud represents a scene or an object as an unordered set of discrete points in a coordinate
system, usually the Cartesian coordinate system. Each point is defined by its position in a given coor-
dinate system. Many scanners (e.g. LIDAR) for 3D sensing outputs their sensory data in point cloud
format. Any point cloud can be converted to a triangle-based mesh, better for visual representation using
Poisson Surface Reconstruction [38], Delaunay triangulation, etc.
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Figure 2.1 Different representations to represent a 3D surface. Source:[22]

2.1.1.2 Mesh

A mesh is defined by the position of the vertices, similar to a point cloud. However, unlike a point
cloud, it also includes information about the connectivity of these vertices in the form of edges of a
face, which can be a triangle, quad, etc. A face with N edges is defined by the indices of N vertices that
constitute the face. The vertices of the mesh may also contain several attributes, such as:

• Vertex normals: These vectors, ideally perpendicular to the surface at the vertex, are fundamental
for lighting calculations, determining how light reflects off the surface.

• Vertex texture coordinate: These 2D coordinates map a vertex to a specific point on a 2D texture
image, enabling the application of image textures to the mesh surface.

• Vertex Tangents (and Bitangents): Often used in conjunction with normals and texture coordi-
nates, tangents define a local coordinate frame at the vertex, which is crucial for advanced shading
techniques like normal mapping.

• Weights (Used for animation): Primarily used in skeletal animation, these values define the
influence of one or more “bones” or joints on a vertex’s position during deformation.

2.1.1.3 Gaussian Splats

3d Gaussian splitting [39] is a highly efficient technique of scene representation and novel view
synthesis in which the scene is represented as a set of Gaussian primitives, each associated with its
attributes. The Gaussian primitives are splatted onto the image plane in a differentiable manner to
render the scene. Each Gaussian primitive is defined by the following attributes:
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Figure 2.2 Optimization of 3D Gaussian splats. Source:[39]

• Position (µ): Defines the position of the centre of the primitive in 3D space. It represents the
mean of the Gaussian, where the contribution of the Gaussian to the appearance is maximum.

• Covariance (Σ): Defines the size and orientation of the gaussian primititive in 3D space. It can
be parameterised using two factors, scale (S) and rotation (R) of the Gaussian primitive.

Σ = RSSTRT

• Opacity (α): Defines the contribution of the gaussian to the appearance of the scene. It is a
measure of the transparency of the primitive.

• Color: Defines the appearance of each gaussian primitive. There can be several approaches to
define the appearance of the gaussian. A naive approach would be to associate an RGB value to
each of the gaussian. The drawback of such an approach is that the gaussian primitive would not
be able to represent view dependent appearance changes, such as reflections, and would appear
the same from all directions. To mitigate this, the appearance is represented using spherical
harmonics coefficients. Spherical Harmonics are a set of orthogonal functions which can be used
to define any function defined on a unit sphere. View dependent appearance can be considered as
a function which maps the viewing angle to a colour value:

f : (θ, ϕ) → R3

A Gaussian in 3D space is defined as:

G(x) = exp

(
−1

2
x⊤Σ−1x

)
The 3d Gaussian can be projected onto the 2D image plane based on the camera parameters. The
projected 2D gaussian is splatted on the image grid via rasterization. The contribution of all the gaussian
at a pixel is computed via alpha compositing, and a final pixel color is derived.

3DGS based representation allows realtime rendering of photorealistic scenes, owing to the view
dependent appearance of each gaussian primitive, and an efficient rasterization step.
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2.1.2 Implicit representation

A surface can be defined as the zero-level set of a scalar-valued function, which is known as the
implicit representation of the surface.

F (x, y, z) = 0

2.1.2.1 Signed Distance Field

A Signed Distance Field [21, 80] or a Signed Distance Function F maps a point in a Euclidean space
to its orthogonal distance from the surface of a geometric shape. The function has positive values inside
the geometric shape and negative values outside the geometric shape. This convention might be reversed
in some cases.

F : R3 → [−1, 1]

2.1.2.2 Unsigned Distance Field

Similar to a signed distance field, each point in 3d space is mapped to a value which represents the
orthogonal distance of the point to the surface of the geometric shape, but unlike a signed distance field,
all points have a non-negative value. This convention is useful for surfaces that might not be closed and
do not have a definite boundary that demarcates the interior and exterior regions. Surfaces like those of
garments are open surfaces that can be effectively defined using an unsigned distance field. [15]

F : R3 → [0, 1]

2.2 3D Appearance

Several approaches have been developed to define the appearance of 3D geometry. We briefly discuss
some of the commonly used methods that are employed.

2.2.1 Per Vertex Color

A naive method for defining the appearance of the mesh is to give a colour attribute to each vertex
of the polygonal mesh, and interpolate the colour values for each point inside the polygon. The appear-
ance of the mesh can therefore be saved as another vertex attribute of the mesh. However, appearance
resolution is limited by the number of vertices of the mesh. As a result, to represent high-frequency
appearance details, a large number of vertices are required, making this representation very inefficient.

2.2.2 Textured Appearance

A mesh can be parameterised to map the 3D surface onto a 2D plane. The mapping of the 3d surface
on the 2D plane is defined by a vertex attribute, called per-vertex uv coordinate, which defines where
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Figure 2.3 Overview of FLAME face registration, training, and expression transfer. Source:[44]

a vertex of a polygonal mesh maps to in a normalised 2D coordinate map. The mapping of each point
on the triangle can be computed by interpolating the uv coordinates of the vertex. There may be several
mappings possible, but the mapping with the least warping or distortion is preferred. The distortions
can quantitatively be evaluated by computing the change in area of the triangles, and as a result, by the
change in angles of the polygon in 3D space, and after mapping to the 2D plane. Several approaches
[73, 20] have been explored for UV parameterization of meshes. The mapping of 3D surface allows each
point to be mapped to a 2D plane, and therefore each point on the mesh surface can be associated with
a 2D image, through a process called texture mapping. Texture mapping allows us to use an arbitrary
resolution appearance for any mesh. The resolution of the appearance/texture becomes independent
of the resolution of the mesh. Texture-based appearance allows efficient storage for high-resolution
features while allowing greater editing control to the user or artist.

2.3 FLAME: Parametric Head Model

FLAME (Face Learned with an Articulated Model and Expression) [44] is a parametric 3D statistical
head model which can represent a face with a set of shape (β ∈ R300) parameters, expression (ψ ∈ R100)
parameters and pose (θ) parameters. It uses vertex-based linear blend skinning (LBS) with corrective
blend shapes. The flame head model consists of a template mesh with a number of vertices (N = 5023)
and (K = 4) joints for neck, jaw and 2 eyeballs. The pose parameters were learned from the data
captured by the authors, see Figure 2.3. The expression model uses the data captured by the authors and
the D3DFACS[56] data. Since the Flame head model utilises a template mesh that can be deformed to
represent a diverse set of face shapes and expressions, a common UV map can be used for all the head
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models, making it possible to apply the same texture map to a diverse set of faces. The parametric head
model is defined by the following parameters:

• Shape Parameters (β): BS(β⃗;S) : R|β⃗| → R3N These are the coefficients that represent the
weight of each orthonormal shape basis. When weighed and added together, they can represent
the geometry of a face in neutral expression. The shape space, or the shape basis vectors, is learnt
via Principal Component Analysis from the CAESAR [65] body scan dataset.

• Expression Parameters (ψ): The expression blendshapes can be considered as a mapping from
expression parameters to vertex offsets as BS(ψ⃗; E) : R|ψ⃗| → R3N . These parameters can repre-
sent a wide range of expressions which are independent of the shape of the face. Similar to shape,
expression blendshapes are also a linear combination of orthnormal expression basis vectors.

• Pose Parameters (θ): The rigid transformations of the template mesh, like head rotation, trans-
lation, eye pose and jaw pose, are represented by these parameters. The pose blendshapes can be
considered as a mapping from pose parameters to K rotation matrices R(θ⃗) : R|θ⃗| → R9K

The shape blendshapesBS(β⃗;S), pose blendshapesBP (β⃗;P) and expression blendshapesBE(ψ⃗; E)
can be used to deform a template mesh T̄ ∈ R3N .

M(β⃗, θ⃗, ψ⃗) =W (TP (β⃗, θ⃗, ψ⃗), J(β⃗), θ⃗,W),

where TP is the template mesh with pose, expression and shape offsets applied.

TP (β⃗, θ⃗, ψ⃗) = T +BS(β⃗;S) +BP (θ⃗;P) +BE(ψ⃗; E)
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Chapter 3

Text-Guided Generation of Textured Neural Parametric Head Avatars

In this chapter, we discuss our proposed approach for text-driven 3D textured head generation, which
can accept simple natural language text prompts describing the appearance and shape of the head, and
our model, ClipHead, generates a neural parametric head model with accurate geometry and high-
quality texture maps. In contrast to existing methods that rely on conventional parametric head models
like FLAME [44], our approach leveraged Neural Parametric Head Model (NPHM) [26], which repre-
sents a head as a Signed Distance Field, with disjoint latent codes for shape, identity and expressions.
To enable text-driven generation, we proposed two lightweight mapping networks trained in a weakly
supervised manner, which align the embedding space of CLIP[2] with the identity and expression latent
space of NPHM, which allows us to navigate NPHM’s latent space with text. The network accepts
CLIP’s embedding via text encoding and predicts a latent code for expression as well as identity. When
these latent codes are decoded via NPHM pre-trained network, we get a 3D head geometry. Given that
NPHM does not support texture-based appearance, we proposed a novel two-stage technique for text-
driven generation of texture maps. This approach leverages a recently introduced controllable diffusion
model, which allows spatial control in text-driven image synthesis. Semantically consistent UV parame-
terization was performed for the generated head mesh to derive unwrapped surface normal maps. These
surface normal maps steer the diffusion process, thereby generating realistic textures conditioned on a
text prompt in a coarse-to-fine manner.

3.1 Introduction

Human faces are fundamental to communication and identity, so accurately representing them in
digital spaces is key for creating believable and emotionally engaging experiences for users. In the
contemporary realm of virtual media, 3d face and head modelling is of significant importance for a
wide range of applications, such as gaming and mixed reality, where it enhances realism and immer-
sion. It enables the creation of expressive and personalized avatars, contributing to character design
and animation. In the medical field, 3d face modelling also supports patient-specific simulations and
surgical planning. Moreover, it finds utility in film production, education, teleconferencing, and scien-
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tific research. In medicine, 3d face modelling also supports patient-specific simulations and surgical
planning.

Traditional methods for 3d head modelling and animation often entail time-consuming manual sculpt-
ing or complex 3d scanning techniques, limiting their scalability and diversity. Furthermore, these
approaches struggle to capture the rich variability of facial expressions and identities required for re-
alistic human-computer interactions. A prominent approach in tackling these challenges involves the
utilization of parametric head models like FLAME [44] as explained earlier, which effectively capture
shapes and expressions within a low-dimensional parametric space. These models have demonstrated
remarkable success by accommodating sparse inputs, mitigating noise, and offering a concise 3D rep-
resentation. However, their primary drawback is the inability to capture intricate local surface details
and their reliance on a fixed topology template mesh, which restricts their representation of diverse
hairstyles. Additionally, the parameters for shape and expression are often coupled, providing limited
control over the generation.

The recently proposed ClipFace [74] leverages FLAME’s parametric geometry and introduces a
StyleGAN-ADA[37] based generative model to jointly train a texture mapper and an expression mapper
on a given FLAME [44] face mesh with initial UV texture codes. To facilitate controllable editing, the
authors use a pre-trained CLIP[2] model to guide expression and texture mapping based on a prompt.
However, the method suffers from the inherent limitations of parametric head models, and there is no
direct support for controlling the shape of the face simply via the input prompt itself. Moreover, the
diversity in output, for both expression and texture, is limited by the initial texture codes, and the texture
synthesis needs to be retrained for a different prompt. Another recent work [89] introduced Describe3D,
which is a 3D-face-text dataset containing 3DMM parameters for 1,627 3D face models and correspond-
ing fine-grained, manually-labelled facial features, which include 25 facial attributes and 3 to 8 options
describing the facial feature for each attribute. The authors then propose a text parser network that takes
a CLIP encoding of a text prompt and predicts a descriptive code, trained in a supervised fashion on
the Describe3D dataset. During testing, optimization is performed on concrete and abstract synthesis
pipelines using CLIP-loss and differentiable rendering loss to convert the descriptive code into predicted
target 3DMM parameters, along with a UV texture map. However, the method requires strong supervi-
sion in the form of manual text annotations, and the shape variation is limited to just 1,627 face shapes.
Additionally, the texture synthesis is also limited as there is no support for the level of text-guided
texture editing similar to what ClipFace offered.

Neural parametric head models (NPHM), proposed in [26], represent human head geometry in a
canonical space using an SDF, and morph the resulting geometry to a posed space using a forward
deformation field, thereby disentangling the head geometry into two disjoint latent spaces: identity
and expression. The neural disentanglement provides higher levels of detail and a more flexible 3D
head generation capability by decoding sampled latent codes for identity and expression, unlike PCA-
based low-dimensional parametric head models based on 3D mesh, which are not able to capture high-
frequency geometric details. However, estimating latent code parameters for a specific target identity
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and expression requires a point cloud representation of the target head, limiting the accessibility and
controllability of generating 3d head geometries.

In this section, we will discuss the work presented in the paper ClipHead where we proposed a novel
method for the controllable generation of 3D head meshes from natural language prompts, along with
high-quality texture maps. We harnessed the capabilities of CLIP [2], an encoder architecture that can
encode images and text into a common representation space, where words that describe the image are
encoded close to the embedding of the image itself. To facilitate the text-guided generation of NPHM
meshes with varied identities and expressions, we use two mapping networks—one for mapping the
CLIP embedding vector to the identity latent code of NPHM, and the other for mapping the same CLIP
embedding vector to the expression latent code. We train both networks (MLPS) in a weakly supervised
fashion, without requiring pairwise 3d head and text description pairs, alleviating the need for manual
and labourious text annotations. 3d head geometry is generated by conditioning the pre-trained NPHM
decoder using the predicted latent codes to query Signed Distance Function (SDF) values at densely
sampled points, which are subsequently used to obtain a 3d polygon mesh using marching cubes.

Owing to the unavailability of a large paired dataset of text and 3D head meshes, we leverage 2D
latent diffusion models, introduced in [66], for generating diverse text-guided appearances for various
head geometries. However, we require the text-driven synthesis to be in accordance with the intended
appearance of a given 3D head geometry. Therefore, we propose to use ControlNet [93], which al-
lows additional spatial conditioning along with the text to provide more control over the latent diffu-
sion process. We used the unwrapped surface normal as spatial conditioning to generate a UV texture
(RGB) map via the ControlNet model. For training the aforementioned variant of ControlNet (sec.
subsection 3.3.3), we utilised the dataset introduced in NPHM [26], comprising 5,201 high-fidelity tex-
tured 3D scans of human heads. However, each 3D scan mesh exhibits varying and unstructured UV
parametrization (see Fig. Figure 3.1). Semantically meaningful and aligned UV maps are required to
provide a useful hint to ControlNet. Therefore, we developed a technique to reparametrize the 3D head
meshes and roughly align their UV coordinates (sec. subsection 3.3.2), which facilitates the localization
of semantically similar regions of all head meshes within the same UV space region (see Fig. Fig-
ure 3.2). During inference, we feed the aligned UV normal map of the given NPHM head mesh to the
ControlNet and generate the UV texture map guided by a text prompt.

The above approach allowed us to avoid the optimization at the inference approach, which was
prevalent earlier and led to a significant bottleneck in terms of speed. Our single feed-forward approach
allowed us to generate diverse head geometries and appearances within a minute, while outperforming
the state-of-the-art methods of the time, both qualitatively and quantitatively.
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Figure 3.1 Re-parametrization of a sample mesh from NPHM dataset using our proposed technique to

get aligned UV map with textures projected from original texture map, used for training our Texture

Synthesis module (ControlNetuv). Facial details have been blurred to protect identity.

3.2 Literature Review

3.2.1 Text-to-3D Optimization based approaches

After the success of Latent Diffusion models [66] in text conditioned image generation, a significant
research effort started to focus on the challenging problem of text conditioned 3D generation. There
exists no large annotated dataset for 3D assets, unlike those for 2D images, like LAION 5B [71], which
made it possible to train text-conditioned latent diffusion models, utilising the clip embedding space.
To overcome the unavailability of 3D annotated data, the concept of Score Distillation Sampling (SDS)
was popularized by DreamFusion[58], in which an implicit volumetric representation like NeRF [51]
is iteratively optimized. Camera views are randomly sampled in the scene, and differentiable rendered
into 2D views. A pretrained latent diffusion model can then be used to estimate the gradient of the
log-density that guides the 3D model to be consistent with the text prompt, in terms of embedding of the
text and the rendered view of the model in clip embedding space. Though this approach leverages the
diversity of 2D latent diffusion models, the iterative optimization step proves to be a bottleneck in asset
generation due to its slow nature. Moreover, as discussed in DreamFusion [58], SDS-based approaches
often suffer from the “Janus Problem”, where certain features might be repeated on the surface, or
mirrored along an axis. This may cause artefacts such as two noses, three eyes, two mouths, etc.

The issue of multi-faced Janus can be resolved if the optimisation-based generative approach is
grounded by a parametric head model while generating head avatars. Therefore, works like ClipFace
[74] enabled text-guided generation of head avatars by optimising the texture map of a FLAME-based
model via differentiable rendering. It leverages an adversarial generative network for appearance syn-
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thesis with CLIP [2], facilitating text-driven generation and editing. However, it inherits FLAME’s
geometric limitations and cannot generate details like different hairstyles, while also requiring test-time
optimization for texture synthesis.

Another work HiFi-Face [89] provides fine-grained geometric manipulation by training a supervised
text conditioned 3DMM parameter estimation network, guided by CLIP. The major limitation is the
reliance on strong supervision in the form of highly descriptive text-prompts paired with 3DMM pa-
rameters, which are manually annotated. Furthermore, the diversity in appearance of the generated head
model is severely limited due to the inherent limitations of the underlying 3DMM.

3.2.2 3D Morphable Models (3DMM)

3D Morphable Models are the most widely adopted method for representing 3D human faces pio-
neered by BFM[7] and more recently FLAME[44]. 3DMM are a form of statistical head models that
represent shape and expressions in a low-dimensional parametric space, which is learnt from a large
dataset of 3D head scans. The high-dimensional geometric information (high-dimensional due to a
large number of vertices in the physical scan and three dimensions for each vertex) is pAlthough the
parametric nature of 3DMM allows for an efficient representation, it also limits the expressiveness of
the head model, as all head models end up having a fixed mesh topology.ad from sparse inputs, such
as those from monocular images or from RGBD images. These parametric head models can even be
animated by simply controlling the low-dimensional parametric spaces.

Although the parametric nature of 3dmm allows for an efficient representation, they also limit the
expressiveness of the head model, as all head models end up having a fixed mesh topology. 3DMM-
based approaches often fail to capture fine geometric details like wrinkles and hair strands due to the
low-dimensional nature of the parametric space. They further fail to generalise to shapes and expressions
far away from the training distribution, and cannot provide a lot of diversity in appearance.

3.2.3 Neural Parametric Head Models(NPHMs)

To address the limitations of traditional 3DMMs, recent research has explored neural network-based
parametric models, which do not rely on a fixed topology mesh, but instead rely an implicit represen-
tation for the head model. NPHM [26] represents head geometry by using Multi Layer Perceptrons
(MLPs) that decode latent codes into an SDF-based representation. A mesh can be extracted from the
SDF by running marching cubes.

NPHM representation disentangles the head shape like bone structure, from the changes in geometry
due to expressions by learning two disjoint latent spaces, one for identity and the other for expression,
conditioned on expression latents. This allows for more granular and independent control over these
attributes. An SDF-based representation also allows more complex facial features to be captured, like
hair strands and wrinkles, to some extent.
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Although a good parametric representation, a primary limitation of NPHM is that the generation
of the parametric head model requires a point cloud input from RGBD cameras. The estimation of
latent codes, therefore, required a slow, iterative optimisation process. This hindered direct control and
generation. Furthermore, NPHM, being an SDF-based representation, is texture agnostic and focused
only on geometric representation.

3.3 Proposed Text-driven 3D Textured Parametric Head Generation
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Figure 3.2 Pipeline of the proposed framework (left). Data generation procedure for training MLPid

(right).

Our work introduced a novel technique for generating 3D textured head meshes from text guidance,
capturing varied geometry, expressions, and diverse high-quality textures. Our approach was built upon
the NPHM representation, enabling text-driven estimation of its identity and expression latent codes
through two mapping networks (MLPs). These MLPs map CLIP text embeddings to the respective
NPHM codes and are trained via weak supervision, unlike the supervised approach of HiFi-Face[89],
thereby avoiding the need for explicit 3D-text pairs. For appearance generation, we employ advanced
CLIP-based models, specifically Latent Diffusion[66], to synthesize high-quality textures guided by
text across various head geometries. To ensure consistency between the synthesized texture and the
3D geometry, we propose a custom-trained ControlNet[93]. This architecture leverages UV surface
normal maps from the 3D head mesh as spatial control hints for detailed guidance of the UV texture
(RGB) map generation. Since 3D scans or generated meshes often possess inconsistent UV layouts,
which hinders the creation of effective ControlNet hints, we first introduce a method to approximate
UV alignment for 3D head meshes, placing similar semantic regions consistently within the UV space.
Finally, during inference, this aligned UV normal map from the generated NPHM mesh guides the
ControlNet, producing UV texture maps based on simple text prompts. For an input text prompt, the
Geometry Synthesis module generates an NPHM head geometry as an SDF, in accordance with the
textual description. A mesh can be extracted from the SDF representation using Marching Cubes [74].

18



Figure 3.3 Clip-Head enables prompt-driven geometry synthesis in a variety of facial expressions and

shapes.

The generated mesh is then fed to the Aligned UV Parameterization module, which identifies the seam
of the head mesh and produces a coherent UV map incorporating projected surface normals. In the final
stage, Texture Synthesis module generates a UV texture map, guided by the initial text prompt.

M = χ(Fid(zid) + Fexp(zid, zexp)) (3.1)

3.3.1 Geometry Synthesis

This module’s primary objective is to establish a mapping between CLIP’s textual embedding space
and NPHM’s geometric latent space. We introduce an innovative approach using two specialized net-
works: an identity mapping network (MLPid) and an expression mapping network (MLPexp). These
are trained to convert a CLIP embedding vector (ψ) into the respective NPHM latent codes for identity
(zid) and expression (zexp). The process begins with a text prompt, which CLIP’s encoder transforms
into ψ. This embedding is then fed through MLPid and MLPexp to obtain zid and zexp, which are
subsequently used in Equation 1 to produce the head mesh M (as shown in Figure 2).

Training the identity mapping network, MLPid, necessitates pairings of ground truth NPHM iden-
tity latents (zid) with their corresponding CLIP embeddings (ψ). Lacking a directly annotated dataset
for this, we devised a novel automated pipeline to generate these pairs using ControlNet. Illustrated in
Figure 3.2 (right), this involves randomly sampling an identity code zid from NPHM’s space to create a
neutral base mesh with various shapes (Mneutral). This mesh is then randomly rotated, and its rendered
normal map (Inorm) is obtained. Guided by a template prompt and this Inorm control hint, ControlNet
synthesizes an image reflecting the facial features and geometry depicted by Inorm. The CLIP embed-
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ding (psi) of this synthesized image, along with the initial zid, forms a training pair for MLPid. We
generate approximately 10,000 such pairs. This strategy employs weak supervision, implicitly deriving
facial shape information through the image decoding process. Consequently, during inference, a text
prompt can be converted to ψ by CLIP’s encoder, and then mapped by MLPid to an accurate identity
latent vector zid, leveraging CLIP’s robust text-image alignment.

Training the expression mapping network, MLPexp, uses a distinct strategy to generate (zexp, ψ)
pairs. We leverage the dataset from [26], featuring 23 expressions per subject. To maintain separation
between our geometry and expression mapping networks, we select expressions from a single identity
for this training. Each of the 23 NPHM dataset expressions is first labelled (e.g. happy, sad). For a
given expression latent (zexp), we then create varied prompts using the template: “A face of a [age]
[ethnicity] [gender] with [hair color] hair, [expression].” CLIP’s text encoder converts these prompts
into embeddings (ψ), which are paired with the corresponding zexp to train MLPexp.

Once both mapping networks are trained, a text prompt’s CLIP encoding (ψ) is used by MLPexp to
predict zexp and by MLPid to predict zid. These latents are then fed into Equation 3.1 to yield the head
mesh M as seen in Figure 3.3

3.3.2 Aligned UV Parameterization

The Aligned UV Parametrization module processes arbitrary head meshes to ensure that semantically
similar regions consistently occupy corresponding UV space locations Figure 3.2, which is required for
training the Texture Synthesis module, explained in the next section subsection 3.3.3. For a given head
mesh M, a low-distortion UV map is achieved by first defining a seam, typically at the mesh’s posterior
to avoid facial artefacts. A seam can always be considered to run along the backside of the head, as
it passes through the axis of symmetry of the human head. Leveraging the shared coordinate system
of NPHM meshes obtained via Equation 3.1), a common bisecting plane designates this seam. Subse-
quently, the mesh’s boundary vertices (seam plus neck boundary) are mapped to a canonical 2D curve in
the UV space (green/purple curve in Figure 3.2 ). With this boundary fixed, the UV coordinates for the
interior vertices are then derived by computing two harmonic functions (for the U and V coordinates,
respectively). Each harmonic function uses the fixed vertices on the curve as boundary constraints to
estimate a harmonic parameterization for the remaining vertices.

3.3.3 Texture Synthesis

The final component of our framework addresses the synthesis of a coherent, high-quality UV texture
map for the generated head mesh M . Given our goal of creating text-driven UV texture maps (essen-
tially 2D RGB images), leveraging a latent diffusion-based ControlNet appears suitable for producing
diverse textures. However, this task presents non-trivial challenges. We propose training a network,
ControlNetuv, which accepts a spatial control hint and generates a text-guided UV texture map forM .
To ensure the synthesised texture accurately follows the mesh’s UV layout, this control hint must effec-
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tively describe said layout. We achieve this by projecting the face normals onto the UV space, thereby
creating a UV normal map to serve as this control hint (as depicted in Figure 3.2). The importance of
the previously discussed UV alignment of arbitrary head meshes now becomes clear, as it ensures this
control hint possesses semantically meaningful features readily interpretable by ControlNetuv. For
training ControlNetuv, we utilise the same aligned UV parametrisation (from the subsection 3.3.2) on
the NPHM dataset’s head scans to generate paired aligned UV normal maps and UV texture maps. It
is important to note that the original head scans have unstructured, unaligned UV layouts. To automati-
cally create accurate text prompts for this training phase, we render the head scans and use BLIP-2 [43]
for image captioning. Once trained, our ControlNetuv can generate high-quality UV texture maps for
any given head mesh M , guided by its UV normal map and a user-provided text prompt. While super-
resolution can optionally enhance the texture map, all evaluations presented are based on the direct
output without this enhancement.

3.3.4 UV Alignment

Figure 3.4 Warping module to fix misalignment in the generated texture maps

High-resolution aligned UV texture maps (Figure 3.4) are used for training the Texture Synthesis
module. However, due to ControlNetUV 512x512 input limit and a Control strength ¡ 1 (for diversity),
the generated texture map edges may misalign with the input UV normal map, especially near facial
features (eyes, nose, mouth). We rectify this using a two-stage approach:

1. Generate a full, potentially misaligned UV texture map using the complete UV normal map.

2. Generate a partial, better-aligned UV texture map using a cropped UV normal map of the facial
region. Facial landmarks are detected on both maps via MediaPipe [46]. We then warp the full
map using TPS [10], mapping its landmarks to the partial map’s landmarks (see Figure 3.4).
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Figure 3.5 Visualization of Quasi-Conformal Error in our common UV Parameterisation

This yields a final UV texture map with improved alignment and retained diversity.

3.4 Evaluation & Results

3.4.1 Training Strategy

Our proposed mapping solution utilized two distinct MLPs to bridge CLIP’s latent space with NPHM’s
latent space. Both MLPs share an architecture consisting of 8 layers, incorporating a single skip connec-
tion to the 4th layer. These networks were trained for 100 epochs using the AdamW optimizer [45] on a
dataset of 10,000 samples with a batch size of 10. The training objective was to minimize the L2 distance
between the MLP-predicted NPHM latent vectors and the corresponding sampled ground truth vectors.
All training and subsequent experiments were conducted on an NVIDIA RTX 4090 GPU. Additionally,
our implementation of the separate aligned-UV parametrization process leverages the libigl[34] library
to compute harmonic weights.

3.4.2 Evaluation Metrics

• Texture Synthesis Evaluation: The quality of our texture synthesis is assessed using the CLIP
score. This score measures the cosine similarity between the CLIP encodings of the input text
prompt and the generated image, utilizing pre-trained CLIP encoders, thereby indicating how
well the image reflects the prompt’s meaning. Adopting the methodology of [74], we render the
textured mesh and compute the CLIP score between this rendered image and the original text
prompt. For this evaluation, we use the same text prompts as defined in [74] across ViT-H/14,
ViT-L/14, and ViT-B/16 CLIP variants, and our results demonstrate superior performance over
state-of-the-art (SOTA) methods.

• Aligned UV Parametrization Evaluation: To assess the distortions introduced by our UV
parametrization technique, we employ Quasi Conformal Error (QCE) [68] and Area Scaling
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Figure 3.6 Qualitative Results: (a) Text-driven generation and stylization of 3D head meshes. (b) Text-

driven generation of 3D head meshes with varying expressions.

Error (ASE) [69]. QCE quantifies angular distortion based on the ratio of singular values from
each face mapping, with an ideal value of 1 (higher values indicate more distortion). ASE mea-
sures the scaling factor of mapped faces, where negative values mean shrinkage, positive values
mean expansion, and zero indicates no area distortion. Our method achieves a median QCE of
4.311, compared to the original UV parametrization’s median QCE of 5.143, indicating minimal
distortion. The median ASE for our technique is −1.22, while the original default parametrization
has an ASE of −0.068. This increase in area scaling is an expected trade-off for achieving the
aligned UV parametrization necessary for effective texture synthesis.Figure 3.5 provides a visual
representation of QCE on test meshes from the NPHM dataset.

Method CLIP Score ↑

ViT-H/14 ViT-L/14 ViT-B/16

ClipFace 0.287 ± 0.041 0.289 ± 0.039 0.307 ± 0.023

HiFi-Face 0.229 ± 0.033 0.236 ± 0.031 0.300 ± 0.018

CLIP-Head 0.292 ± 0.035 0.303 ± 0.039 0.315 ± 0.021

Table 3.1 Quantitative comparison with SOTA methods.
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Figure 3.7 Qualitative comparison with existing SOTAs.

3.4.3 Qualitative Evaluation & User Study

Besides quantitative evaluations, we also performed qualitative evaluations, as seen in Figure 3.6,
where we show results on a wide variety of prompts. Figure 3.7shows a qualitative comparison with
SOTA methods, where our generated results seemed more convincing and true to the input text prompt.

To evaluate the quality of our generated results against existing state-of-the-art methods, ClipFace
and HiFi-Face, we conducted a subjective user study involving approximately 70 users. This study
comprised two distinct settings. In the first setting, users were randomly shown a generation from one
of the three methods and asked to rate how well it matched the input prompt on a scale of 1 to 5. In
the second setting, users were presented with outputs from all three methods for the same prompt and
asked to select their most preferred result. The average scores for the first setting were 1.38 for HiFi-
Face, 2.77 for ClipFace, and 2.85 for our method, CLIP-Head. In the preference study (second setting),
CLIP-Head was chosen by 41 users and ClipFace by 29 users, with no users selecting HiFi-Face.

3.5 Discussion

Our proposed method outperformed existing methods in terms of quality and diversity. It can effi-
ciently generate high-quality textured head conditioned from a single text. However, the generated head
avatar had a texture, which might have light baked into it. Therefore, the generated head avatar could not
be relit under new lighting. A natural next step to improve this procedure is to generate a texture map,
where the appearance is disentangled from lighting conditions, such that it could be relit into another
environment. However, lack of ground truth data makes it a difficult problem.

Our method generates a prompt-adhering and high-quality texture map, but the generated texture map
is static. For instance, the texture map may appear realistic for the given expression, but when the same
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texture map is used for a different expression, even for the same face shape, it may not appear realistic, as
some facial features like wrinkles are expression-dependent. A dynamic expression-dependent texture
map is essential to accurately represent these features.

Our choice of parametric head models can represent hair to some extent. However, hair strands are
not modelled individually, making them a part of facial geometry. This kind of hair geometry cannot
be physically simulated, which is a requirement in game engines. Hair generation is also a problem
statement which has not been fully explored yet.

3.6 Summary

Our work proposed a novel method for generating textured 3D head models directly from text de-
scriptions, aiming to overcome limitations in geometric control and texture diversity/consistency found
in prior approaches. We uniquely combined the expressive, disentangled NPHM representation for ge-
ometry with modern generative techniques. Our key innovations included two weakly-supervised map-
ping networks (MLPs) that translate CLIP text embeddings into NPHM’s identity and expression latent
codes, enabling intuitive text control without requiring paired 3D-text data. For high-quality appear-
ance, we employed Latent Diffusion steered by a custom-trained ControlNet. Crucially, we introduced
a novel UV alignment technique for NPHM meshes, allowing us to create consistent UV normal maps
that serve as precise conditional hints for our ControlNet, ensuring the synthesised textures align accu-
rately with the 3d geometry. Our integrated framework achieved single feed-forward pass generation of
diverse 3D heads with detailed geometry, expressions, and corresponding high-fidelity textures, driven
solely by text prompts.

To overcome the constraints of baked-in lighting on textured head avatar appearance and the signifi-
cant lack of accessible lightstage-based datasets, the following chapters propose two key contributions.
We will detail a novel Gaussian head-based representation engineered for relightability and introduce a
novel, scalable capture setup leveraging smartphones, which is intended to help bridge the critical data
scarcity.
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Chapter 4

LightHeaded: Relightable & Editable Head Avatars from a Smartphone

In the previous chapter, we proposed an approach that produced a head avatar that had lighting
information baked into it; that is, the generated head cannot be accurately relit when placed in a new
environment. To generate a head with a disentangled appearance, we require a dataset that has albedo
texture maps, normal maps and specular/roughness maps, which could be used to accurately relight a
head using a shading model. However, no such dataset is publicly available. Therefore, in the subsequent
chapters, we will focus on methods to create realistic head avatars.

The conventional method for creating photorealistic, animatable, and relightable 3D head avatars,
using expensive Lightstage setups with multiple calibrated cameras, limits their widespread accessibil-
ity. To address this, we introduced a novel, cost-effective solution for generating high-quality relightable
head avatars using only a smartphone fitted with polaroid filters. Our technique simultaneously captures
cross-polarized and parallel-polarized video streams of dynamic facial performances in a controlled
dark room environment with a single point-light source, enabling the separation of the skin’s diffuse
and specular reflectance components. We propose a hybrid avatar representation that embeds 2D Gaus-
sians within the UV space of a parametric head model, achieving both efficient real-time rendering and
high-fidelity geometric detail. Furthermore, our learning-based neural analysis-by-synthesis pipeline
disentangles pose and expression-driven geometric offsets from appearance, decomposing the surface
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Text-Driven Appearance Editing
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Novel View/Pose Rendering & Relighting

Figure 4.1 LightHeadEd: A Textured Gaussian Head Avatar with animation, relighting & editing sup-

port.
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Smartphone with Polaroid Filters Cross-Polarized Stream Parallel-Polarized Stream

Figure 4.2 Proposed dynamic capture setup: Smartphone equipped with polaroid filters (left); Cross-

Polarized & Parallel-Polarized Monocular Video Streams (right).

into albedo, normal, and specular UV texture maps, as well as environment maps. As part of this work,
we also gathered a unique dataset featuring various subjects exhibiting diverse facial expressions and
head movements.

Our novel capture method and representation could be further used to create a dataset of relightable
head avatars, which could be used to train a generalizable relightable head model.

4.1 Introduction

Relightable 3D human head avatars are increasingly popular as immersive communication tools
in platforms like the Metaverse, mixed reality, and telepresence. However, producing personalized
avatars with these relighting capabilities is difficult because it typically requires extensive multi-view
data from sophisticated, expensive, and computationally demanding volumetric light-stage systems,
usually only accessible to high-budget studios. In contrast, developing a method to create affordable,
realistic, animatable, and relightable head avatars using just a standard smartphone would democratize
access for end-users and open up numerous applications in communication and entertainment.

While some existing methods [12, 42] aim to generate personalized 3D head avatars from monocu-
lar RGB videos (e.g., from smartphones/webcams), they predominantly rely on universal prior models.
These priors are trained on comprehensive light-stage datasets of many individuals to separate facial
geometry and reflectance. This strong reliance on large datasets and pre-trained models compromises
affordability, limits generalizability to new demographics and appearances, and often necessitates costly
preprocessing and model fine-tuning at test time. To avoid dependency on such priors, alternative ap-
proaches [6, 95, 24] utilize inverse physically-based rendering (PBR) for self-supervised, analysis-by-
synthesis reconstruction of personalized head avatars. For instance, method [6] utilizes the FLAME
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parametric head model [44] to reconstruct a relightable mesh from several unconstrained RGB videos
of an individual. While FLAME allows animation via low-dimensional pose/expression parameters, it
only offers a coarse geometric approximation and fails to capture surface deviations like skin defor-
mations or hair. To address this, recent approaches [47, 14] combined 3D Gaussian Splatting (3DGS)
[39] with a FLAME mesh, sampling 3D Gaussian splats over it to learn person-specific details while
retaining pose/expression control. However, these methods tend to be resource-heavy, lack relighting
capabilities, and can produce inaccurate geometry. Furthermore, existing monocular methods generally
do not offer control over appearance manipulation.

In this work, we introduced a novel approach to easily create animatable, editable, and relightable
head avatars using only a commodity smartphone. Moving away from reliance on calibrated light-
stages for dynamic facial performance capture, we propose an affordable, calibration-free process to
collect realistic head deformation and facial reflectance data. To facilitate relighting, animation, and
editing, we present a new textured Gaussian head avatar representation coupled with an effective
self-supervised training methodology. This allows us to learn a personalized avatar with high-quality
geometry and decomposed albedo, normal, and roughness UV maps. Our inspiration comes from light-
stage setups, which use multiple RGB cameras with polaroid filters to separate the skin’s diffuse and
specular responses. Emulating this, we equipped a smartphone’s dual cameras and flashlight with an
inexpensive polaroid film Figure 4.2, creating a scalable method to capture realistic head deformations
with decomposed surface illumination from monocular videos.

We used this captured polarization data to reconstruct a temporally consistent, relightable 3D head
avatar. After tracking a FLAME mesh across the monocular videos, we employ 2DGS [33] to model
details like skin and hair. Unlike methods [47, 14] that combine 3DGS with FLAME, our 2DGS rep-
resentation allows direct surface regularization via normal constraints, leading to high-fidelity facial
details and real-time rendering. We embed these 2D Gaussian disks into FLAME’s UV space, learn-
ing Gaussian attributes as UV maps for straightforward animation and texturing. Storing appearance in
UV space obviates memory-intensive SH coefficients and, crucially, enables flexible appearance edit-
ing by modifying the albedo map. We decouple reflectance into albedo, normal, and roughness UV
maps, and also learn expression-dependent residual UV maps to handle dynamic changes, alongside an
environment cubemap for relighting in varied conditions.

Our proposed method for avatar capture and reconstruction is highly efficient, offering affordable
relightable heads with compelling features. We demonstrate superior results through comprehensive
quantitative and ablative analyses and showcase useful applications like shape editing and text-guided
appearance editing.

4.2 Related Work

Lightstage Capture Systems: Several works have long utilized polarization to decompose scene
illumination [53, 62, 87], capitalizing on how single-bounce specular reflection preserves incoming
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Figure 4.3 Decomposition of appearance & geometry in UV space.

light’s polarization. Debevec et al. [18] pioneered the first Lightstage by using polarization filters
and controlled lighting to estimate human face reflectance, effectively capturing appearances under
all lighting directions. While initially designed for static subjects, later advancements [25, 86, 88]
introduced motion compensation techniques, broadening capture areas and enhancing surface fidelity.
Method [28] suggested a multi-view system for dynamic facial texture capture without polarized light.
Subsequently, [64] brought back polarization, this time without active illumination, to model subsurface
scattering. More recently, [92] further refined these systems to incorporate global illumination and
polarization modelling. Although these volumetric lightstage solutions yield remarkable visual results
for face reflectance and geometry, their dependence on sophisticated, expensive, and bulky hardware,
coupled with high operational expertise, presents scaling challenges for diverse identities.

Data-driven Personalized Head Avatars: Control over facial expressions has evolved from blendshape
techniques in VFX/gaming to data-driven methods estimating statistical bases from 3D scans, allowing
detailed head pose and expression manipulation [8, 57, 11, 82, 63, 81]. Yet, models such as FLAME [44]
often overlook subtle expressions and unique person-specific geometry (like hair or skin details). For
photorealism, many methods utilize differential rendering from multi-view videos within an analysis-by-
synthesis pipeline [24, 41, 94, 40, 60, 27, 91]. NeRF-based personalized avatars, while achievable, face
slow rendering and coarse geometry issues. This has led to recent use of 3D Gaussian splats (3DGS) [39]
for real-time efficiency, though often with baked-in illumination that precludes relighting. Some works
[67, 42] produce relightable avatars using lightstage data, but this limits demographic diversity. While
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diffusion-based [48, 79, 13] and neural editing techniques [30, 50] allow texture modification, they are
often slow and challenged by new poses. A recent method [84] employs neural texture maps for editing
flexibility but involves optimization-heavy steps. Our paper introduces an affordable, scalable approach
for creating animatable, relightable, and editable head avatars.

Head Avatars from Monocular Video(s): Generating animatable head avatars from monocular videos
presents another intriguing yet challenging research avenue. Many current learning-based techniques
try to bypass the need for multi-view data by tracking head topology changes over a single video, rep-
resenting it either as a parametric mesh [6] or a neural head model [26]. To achieve more detailed and
expressive results from monocular input, some methods use primitives like points [95] or 3D Gaussians
[14] layered onto a FLAME [44] base. Approaches such as [72] and Gaussian Blendshapes [47] uti-
lize Gaussian splats as primitives, but struggle with high-quality surface details due to the ill-defined
normals inherent to 3D Gaussians. These methods also typically lack any support for editing the head
meshes. PointAvatar [95] attempts to reconstruct relightable avatars under very restricted, fixed lighting
conditions; while visually impressive, its relighting isn’t physically based and ignores skin reflectance
properties. Additionally, point primitives are memory-heavy, rendering [95] unsuitable for real-time
use. A significant general drawback is that existing monocular head avatar methods do not directly
output texture maps, which are crucial for flexible and quick appearance editing. Although FlashAvatar
[90] does embed 3D Gaussians in FLAME’s UV space for initialization, it ultimately doesn’t learn UV
texture maps and lacks relighting capabilities.

4.3 Preliminary Proposed Framework

To enable the creation of affordable, person-specific, relightable head avatars from monocular input,
we introduced an effortless polarized data acquisition process. This captured data then formed the basis
for a novel textured head avatar representation. For controlling head pose and expressions, we utilized
FLAME, augmenting it with 2DGS [33] to model individual-specific offset details and appearance.
To achieve relighting capabilities, we propose an innovative self-supervised learning scheme. This
scheme decomposes the captured polarized information into distinct appearance and shading compo-
nents, represented as albedo, normal, and roughness UV maps within FLAME’s parametrization space.
Furthermore, to account for dynamic appearance changes linked to pose and expressions, we learned
an expression-conditioned residual albedo map. The polarized data capture method, the proposed head
avatar representation, and the self-supervised training methodology are discussed ahead.

4.3.1 Polarized Capture Setup

In contrast to method [5], which uses a single back camera to sequentially capture cross and parallel-
polarized visuals of a static person (requiring them to remain still for extended periods), we introduce a
more casual, dynamic, and scalable capture process. Our setup involves a single smartphone mounted

30



on a tripod in a dark room, with its flashlight serving as the sole point-light source to simplify scene
lighting estimation. As illustrated in Figure 4.2, a thin, linearly polarized filter (approximately 4.8
microns thick, highlighted in purple) covers the flashlight. The smartphone’s two back cameras are also
covered with the same type of polarised film, but with a relative angular difference of 0 (red) and 90

(green) with respect to the flashlight’s filter. This configuration ensures one camera is parallel-aligned
and the other is cross-aligned to the flashlight’s polarization.

Light is an Electromagnetic (EM) Wave, where the plane of oscillation of the electric field vector
is perpendicular to the magnetic field oscillation. Polarized light is one in which the oscillations of the
electric field vectors are restricted to a single plane [31].

A linear polarized filter allows light to pass through it if it is of a specific polarization, while blocking
other polarizations. In the context of our setup, we have a linear polariser on the flashlight. Therefore,
the light coming out of it is polarized along a certain plane. One of the camera lenses has a polarizer,
with the same orientation as the flashlight, which implies that if light is polarized in the same direction as
the one coming out of the flashlight, it will be captured. The other lens has a polarizer in an orientation
that is perpendicular to the orientation of the polarizer on the flashlight. This means that no light from
the flashlight will pass into it, unless the polarisation is changed. We exploit this fact to capture how
various layers interact with the skin.

When light is reflected off the oily layer of the skin, the polarization of light is preserved, and
the specular details of the face are visible. Since polarization is preserved, these specular details can be
captured by the lens which has a polarizer alignment similar to the polarizer on the flashlight, referred to
as parallely polarized. On the other hand, when light is scattered within the skin, it loses its polarisation.
Therefore, both cameras can capture components of unpolarized light that align with their respective
polarisers. This reflected unpolarized light is mainly visible in the lens, which has a polariser alignment
perpendicular to that of the flashlight, referred to as cross-polarized. Thus, the cross-polarized lens is
able to capture diffuse reflections that occur at the skin. As a result, in the two simultaneous streams,
we are able to concurrently capture the diffuse and specular reflections off of the skin.

The use of polaroid filters results in a noticeable tint shift between the two camera streams (see
Figure 4.2). While [5] addresses this by precomputing an approximate affine color correction matrix,
we defer tint-shift correction to the training phase (discussed in subsection 4.3.5) for a more seamless
capture experience.

Using this setup, we simultaneously record two continuous monocular videos (one cross-polarized,
one parallel-polarized) of a human subject performing a predefined set of diverse expressions and poses.
This ensures we capture adequate deformation and lighting information from various angles. Both video
streams are recorded at 1920x1080 resolution and 24 FPS. Crucially, although we use two cameras
simultaneously for synchronization, we do not employ any stereo-based depth or alignment information;
instead, we treat the two streams as separate monocular RGB videos to facilitate avatar creation. Our
capture process is further demonstrated in the supplementary video.
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4.3.2 Textured Gaussian Head Representation

From the captured cross-polarized and parallel-polarized video sequences, we first obtain a subject-
specific FLAME head mesh (M ) that is temporally tracked over both monocular sequences, using the
head-tracking pipeline [59] from [61]. To model the remaining subject-specific details beyond this
base FLAME mesh, we utilize 2D Gaussian Splats (2DGS) [33], essentially flat, 2D planar elliptical
disks embedded in 3D space. 2DGS employs an explicit ray-splat intersection method, which results
in perspective-correct splitting and thereby improves surface reconstruction quality. This approach also
facilitates direct surface regularization via normal constraints [33], enhancing the quality of normals
and subsequent shading. Each 2D Gaussian disk (Gi) is defined by its 3D mean position (pi ∈ R3), 2D
scale (Si ∈ R2), orientation quaternion (qi ∈ R4), and opacity (oi ∈ R1). Similar to 3DGS [33], the
factorized covariance matrix (Σi) for each 2D Gaussian Gi is given by

Σi = RiS
′
iS

′
i
⊤Ri

⊤ (4.1)

where Ri is the rotation matrix from qi, and S′
i = [Si, 0]

⊤ ∈ R3 (the third scale dimension is zero for a
flat 2D Gaussian).

Our key novelty, however, is associating all learnable attributes of these 2D Gaussians with FLAME’s
UV space. Instead of embedding them in 3D object space, we embed them in the tangent space of the
triangulated mesh. This means that rather than initializing each 2D Gaussian’s mean position pi as
(xi, yi, zi) in 3D, we initialize it with (ui, vi) coordinates within FLAME’s canonical UV space U (as
shown in Figure 4.4). We also precompute a face index map (Uidx) that stores the triangle index (m)
corresponding to each UV coordinate in U (this is a one-time step). To transform these UV-space
Gaussians from the canonical pose/expression to the deformed pose/expression of M , we first find the
associated face index m = Uidx(ui, vi). This gives us the 3D vertex positions of the triangle tm =

(vm0, vm1, vm2). The 3D mean position pi along the surface of the mesh is then simply computed as
pi = (αi ∗ vm0) + (βi ∗ vm1) + (γi ∗ vm2), where αi, βi, γi are the barycentric coordinates for (ui, vi)
(and αi + βi + γi = 1). This allows direct estimation of each Gaussian Gi’s location in the posed 3D
space. This novel formulation enables us to define all Gaussian attributes (orientation, scale, offsets,
appearance, etc.) as learnable UV maps.

4.3.3 Gaussian Attributes a UV Maps:

Building on the aforementioned formulation, we now detail how Gaussian attributes are modelled as
texture maps. For every valid UV texel (excluding empty regions), we sample 2D Gaussians and define
distinct UV maps for various attributes—Ua (albedo map), Uη (roughness map), UT (tangent map), UB
(bitangent map), Uδ (offset map), Us (scale map), and Uo (opacity map). As illustrated in Figure 4.4,
for any Gaussian Gi at UV coordinate (ui, vi), we can retrieve its attribute θi using Uθ(ui, vi), where θi
represents attributes like ai, ηi, Ti, Bi, si, or oi.

To determine the orientation of each 2D Gaussian Gi, instead of directly using a quaternion, we
query its tangent Ti = UT (ui, vi) and bitangent Bi = UB(ui, vi). The normal Ni is then calculated
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Figure 4.4 Textured Gaussian head representation.

as their cross product: Ni = Ti × Bi. We then employ a precomputed TBN matrix to transform this
normal ni (derived from Ni) to estimate a smooth rotation Ri in the 3D object space as:

Ri = TBN ∗ ni (4.2)

To incorporate geometric details that deviate from the surface of the parametric head meshM , we query
an offset δi = Uδ(ui, vi) along the normal direction. This offset is used to shift the initial mean position
pi of the 2D Gaussian in 3D space, resulting in a new position p′i:

p′i = pi + ξi ∗Riδi (4.3)

where ξi is an area-adjustment factor calculated as:

ξi = (αi ∗ am0) + (βi ∗ am1) + (γi ∗ am2) (4.4)

and
amj =

1

|N(vmj)|
∑

k∈N(vmj)

√
Area(tk) (4.5)

Here, α, β, γ are barycentric coordinates, and aij for vertex vij is the mean root-sum of the areas of
triangles in the neighborhood N(vmj) of vmj . The factor ξi prevents Gaussians associated with smaller
triangles from moving too far or scaling excessively. Finally, the resulting 2D Gaussian position p′i, its
shaded color ci, and opacity oi are utilized in the splatting-based rendering process.
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4.3.4 Rendering Equation & BRDF:

For modelling appearance, the original 2DGS method employs Spherical Harmonics (SH)[23] to
learn the visual characteristics of each 2D Gaussian. While SH coefficients can accurately represent
view-dependent appearance in static scenes, modelling high-frequency details (such as those from sur-
face normals and roughness) necessitates higher-order SH coefficients, which exponentially increase
memory demands. Crucially, direct appearance editing is not feasible with such SH-based representa-
tions.

These limitations motivate our decision to replace SH coefficients with a single RGB color, ci, for
each Gaussian’s appearance. To achieve view-dependent color, we implement a novel physically-based
SVBRDF [55] shader specifically for 2DGS. This shader estimates the Gaussian’s appearance based on
the viewing direction ‘ω’ and the light direction ‘l’ from a point source (e.g., a flashlight). Furthermore,
to enable relighting by learning appropriate shading, we disentangle the appearance ci into its albedo
(ai), specular (fsi), and diffuse (fdi) components. For the specular component fsi, we utilize the Cook-
Torrance[16] microfacet specular BRDF, defined as:

fsi(l, ω, ηi) = ks ∗
D(h)F (ω, h)G(l, ω, h)

4(n · l)(n · ω)
(4.6)

where h is the half-vector bisecting the angle between l and ω, and ks is a constant specular gain.
Consistent with [5], we employ Schlick’s approximation [70] for the Fresnel term F . For the Nor-
mal Distribution Function (NDF) term D, we adopt an alternative approximation from Trowbridge-
Reitz[83], while our geometric term G uses Smith’s variant of the Schlick-GGX approximation [70].
Moreover, unlike [5], which uses a spatially varying specular gain ks (a learnable scalar in our imple-
mentation), we instead use a spatially varying roughness ηi associated with each Gaussian Gi.

D(h, ηi) =
η2i

π((n · h)2(η2i − 1) + 1)2
(4.7)

G(l, ω, h) = G2
Schlick(ω) =

(
n · ω

(n · ω)(1− λ) + λ

)2

(4.8)

where λ = ηi/2 for remapping Schlick-GGX to align with Smith’s formulation [76]. It is important
to note that, similar to [5], we assume l = ω because the flashlight is positioned very close to the
camera lens, which simplifies the implementation. For the diffuse component, we use the BRDF model
proposed by Ashikhmin & Shirley[3]:

fdi(ai, ω) =
28ai
23π

(1− F0)

(
1−

(
1− n⊤ω

2

)5
)2

, (4.9)

where ai is the albedo color, and F0 = 0.04 represents the skin’s reflectance at normal incidence.
The final shaded colour is then computed as:

ci = fdi + fsi (4.10)
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Figure 4.5 Proposed two-stage training strategy to learn textured Gaussian head avatars with decom-

posed appearance and geometry.

4.3.5 Learning 2D Gaussian Attributes

Figure 4.5 illustrates our novel training methodology for learning a textured Gaussian head avatar.
Given input cross-polarized and parallel-polarized video sequences, we learn the aforementioned Gaus-
sian attributes through a two-stage process. We utilize a set of stacked Multi-Layer Perceptrons (MLPs),
denoted as Φθ, which comprises several hash-encoded MLPs [52] (one dedicated to each attribute) utiliz-
ing hash encoding ψθ. For learning pose-specific albedo, we employ an additional hash-encoded MLP,
Φ∆, with its corresponding hash encoding ψ∆. To address the global tint-shift observed between the
cross-polarized and parallel-polarized video frames, we incorporate a low-dimensional Bilateral Grid,
UW , which has a learnable affine transformation matrix Wi for each UV texel. Furthermore, because
we allow the (ui, vi) coordinates to be optimized over time, we also precompute a triangle-index map,
Uidx, for efficient lookup of triangle indices from UV coordinates. All attributes specified within Uθ,
U∆, and UW are initialized randomly. They are then optimised via differential rendering losses in a
self-supervised manner, using the cross-polarized video sequence during the first stage and the parallel-
polarized sequence during the second stage.

We start by initializing 2D Gaussians, Gi, for each UV texel with coordinates (ui, vi), enabling us to
learn their attributes directly embedded within the UV space. In the first stage of training, our primary
focus is on learning the attribute maps Uθ (excluding the roughness map Uη) and the pose-specific albedo
residual map U∆a. The UV coordinates (ui, vi) are fed as input to the hash-encoded MLP Φθ to predict
the attribute set θ = Φθ(ψθ(ui, vi)). From this, we extract or estimate the albedo ai, orientation Ri,
scale si, opacity oi, and the shifted mean position p′i (as per Equation 4.3).

For pose and expression conditioning, we utilize the Linear Blend Skinning (LBS)-based displace-
ment of the FLAME mesh, denoted as d̂i = ULBS(ui, vi). This displacement is then used to predict
a pose-specific residual albedo ∆ai = Φ∆(ψ∆(ui, vi, d̂i)). The tint-corrected albedo is subsequently
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computed as:

a′i =Wi · (ai ∗ exp(∆ai)) (4.11)

where the transformation matrix Wi is set to the identity matrix during this stage, as we are processing
cross-polarized data. Using this corrected albedo a′i, we then calculate the final shaded color ci using
Equation 4.10 (while ignoring the specular component at this point). This color ci, along with the
orientation Ri, scale si, and opacity oi, is used to perform 2D Gaussian splatting to render the image,
and we minimize the loss Lcross.

In the second training stage, we cease optimization of the base and residual albedo maps (Ua and
U∆a) and concentrate on learning the roughness map, while simultaneously fine-tuning the remaining
attributes using supervision from the parallel-polarized data. Similar to the first stage, we predict the
attribute set θ, from which we extract or estimate the albedo ai, orientation Ri, scale si, opacity oi, and
the shifted mean position p′i. A key difference in this second stage is that we also learn the bilateral
grid UW . This is necessary because a tint shift exists between the albedo learned in the previous stage
(from cross-polarized data) and the parallel-polarized images. We obtain the tint-corrected albedo a′i by
plugging the values of Wi (from UW ) and ai into Equation 4.11.

During this second stage, both diffuse and specular components are included when computing the
shaded color ci (as per Equation 4.10). Using these estimated Gaussian attributes, we render an image
via splatting and minimize the loss Lparll. Both Lcross (from the first stage) and Lparll are defined as:

Lcross/parall. = L1 + LSSIM + LLPIPS + Lscale + Lflame (4.12)

where Lscale =
∑

imax(0, si − 0.3) serves to prevent the Gaussians from becoming excessively large,
and Lflame is a FLAME-based regularization term. For Lflame, we rasterize the FLAME mesh and com-
pute L1 and LSSIM losses between this rendered FLAME image and the input image.

For inference, we discard the MLP Φθ and instead use the attributes directly stored in Uθ for efficient
rendering. However, we continue to rely on Φ∆ to model appearance changes corresponding to novel
poses or expressions.

4.4 DuoPolo Dataset

We also presented the “DuoPolo” dataset, a collection comprising cross-polarized and parallel-
polarized video sequences from approximately 10 subjects, all captured using our proposed setup. Each
data sample within this dataset includes a 90-second video sequence where a human subject performs
a variety of head poses and facial expressions, concluding with a short spoken phrase to capture subtle
lip movements during speech. Every sequence is recorded at 1920 × 1080 resolution and 24 FPS. In
addition to the video data, we provide per-frame background/foreground segmentation masks, 3D facial
landmarks, and the parametric FLAME[44] head mesh, which has been tracked over both video streams
using the method from[59]. This proposed dataset is the first of its kind, aiming to make polarized facial
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performance data widely accessible, thereby bridging the gap between costly light-stage acquisitions
and the creation of affordable head avatars.

4.5 Experiments & Results

For our experimental evaluations, we utilized sequences sourced from the “DuoPolo” dataset that
we introduced. Each sequence was divided into training and testing sets, with the initial 80% of frames
allocated for training and the subsequent 20% reserved for testing. To quantitatively assess performance,
we adopted standard metrics prevalent in existing state-of-the-art methodologies. Specifically, following
the evaluation protocol outlined in[95], we calculated the per-sequence (or per-subject) L1 error, Peak
Signal-to-Noise Ratio (PSNR)[19], and Structural Similarity Index Measure (SSIM)[32]. These metrics
are computed by comparing the rendered frames generated by our method against the corresponding
input (ground truth) frames from the designated test split.

4.5.1 Qualitative Results

PointAvatar Gaussian
Blendshapes Ours GT

Figure 4.6 Qualitative comparison with SOTA methods. Our method is able to better capture finer

details (such as teeth and eyes) whilst supporting relighting, pose and expression control.
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Figure 4.7 Relighted novel head poses & expres-

sions results.

Lighting #1 Lighting #2

Figure 4.8 Additional Rendering the head avatars

under different lighting.

Surface Reflectance Map:Qualitative results demonstrating our learning methodology are presented
in Figure 4.3, showcasing outputs from a few sequences acquired with our proposed capture setup.
As evident, our technique can effectively model physically accurate facial reflectance by successfully
disentangling appearance information (in the form of albedo, roughness, and normal UV maps) from
the geometry. This disentanglement leads to high-quality renderings that also preserve high-frequency
geometric details.

Subject-1 Subject-2 Subject-3

Original

Shape-A

Shape-B

Figure 4.9 Shape Editing

Relighting: Figure 4.7 and illustrates the relighting capabilities of our learned head avatars. Here, we
demonstrate relighting the avatars from various light directions while they are in a novel pose, which is
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referenced from an original test frame. This highlights our representation’s ability to achieve view and
pose-consistent relighting.
Appearance Editing: The textured human head representation we proposed facilitates appearance edit-
ing through direct modification of the albedo texture map, akin to traditional textured mesh editing
techniques. This allows users to change the avatar’s appearance and then re-render it. An example of
this application is shown in Figure 4.1, where we perform text-based texture editing using the method
from[48] and subsequently render the head avatar in novel poses and views.

Similarly, we can control the shape of the underlying FLAME head model by changing its shape
parameters β to achieve realistic-looking shape control over the Gaussian head avatar. See Figure 4.9
for shape-based control results, along with the learned normals.

4.5.2 Quantitative Comparison

Given that most learning-based monocular head avatar techniques assume uniformly lit environments
with fixed illumination and are not designed to learn from polarization data, we limit our comparative
analysis of training methodologies to existing methods using only the cross-polarized sequences from
our captured dataset. We compare our approach against state-of-the-art (SOTA) methods, specifically
PointAvatar[95] and GaussianBlendshapes[47] in Figure 4.6. As shown, our method outperforms both
in terms of rendering quality for novel views/poses and in preserving fine details. Both PointAvatar and
GaussianBlendshapes exhibit blurry and noisy details (highlighted in red) on novel frames, which can
be attributed to the multiview inconsistency issues associated with 3DGS[39]. In contrast, our method
produces noise-free, high-quality renderings. PointAvatar also demonstrates a high susceptibility to
tracking noise, leading to inaccuracies such as incorrect eye rendering in (c) Figure 4.6. Furthermore,
we conduct a quantitative evaluation on the same subjects (a), (b), and (c) and present these results in
Table 4.1, where our method surpasses or is at par with other approaches in the majority of cases.

Our evaluations on a synthetic dataset, as presented in Figure 4.12 and Table 4.3, indicate that our
method surpasses [95] in reconstructing surface normals. This is because [95] tends to generate overly
smooth normals, which leads to a deficiency in capturing fine surface details and thus lacks fidelity.

Although our approach is primarily designed for reconstructing head avatars from polarized se-
quences, it possesses the flexibility to be extended to monocular, unpolarized (diffuse-only) RGB se-
quences. This adaptation involves deactivating the physically-based lighting model and representing
appearance solely through the albedo map and the pose-dependent delta map. As clearly shown in
Table 4.2, even under these conditions, our method outperforms [95].

Our proposed 2DGS-based representation facilitates the use of normal regularization constraints,
leading to superior surface reconstruction quality compared to other state-of-the-art (SOTA) methods
that rely on 3DGS. A qualitative comparison of surface normal quality is presented in Figure Figure 4.11.
Our approach demonstrates higher quality renderings and significantly more detailed surface normals
when compared to PointAvatar [95] and GaussianBlendshapes[47]. It is worth noting that although [95]
incorporates the Eikonal constraint to regularize surface normals, its inherent SDF-based representation
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Shaded Albedo Roughness Normals

Figure 4.10 Additional Qualitative Results
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Table 4.1 Quantitative evaluation on subjects (a), (b) & (c).

Methods Metrics (a) (b) (c)

L1(1e-2)↓ 1.33 1.31 1.11

Pt.Av[95] PSNR↑ 27.90 27.03 28.38

SSIM↑ 0.92 0.94 0.94

L1(1e-2)↓ 1.15 2.14 0.84

GBS[47] PSNR↑ 28.95 25.86 31.60

SSIM↑ 0.91 0.85 0.94

L1(1e-2)↓ 1.03 0.67 0.93

Ours PSNR↑ 29.79 31.28 30.28

SSIM↑ 0.94 0.96 0.95

PointAvatar Gaussian
Blendshapes Ours GT

Figure 4.11 Surface Normal Rendering Com-

parison with PointAvatar[95] and Gaussian

Blendshapes[47].

Input Frame Normals (GT) Normals (Ours) Normals (Point Avatars)

Figure 4.12 Surface Normal Comparisons on

Synthetic Data.
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Methods Metrics Subject-1 Subject2

Pt.Av

L1(1e-2) ↓ 0.97 1.30

PSNR↑ 28.71 29.53

SSIM↑ 0.921 0.931

Ours

L1(1e-2) ↓ 0.65 0.69

PSNR↑ 33.99 34.64

SSIM↑ 0.923 0.920

Table 4.2 Quantitative comparison of different methods. ↑: higher is better, ↓: lower is better. The best

results are in bold.

tends to produce overly smooth normals when performing monocular reconstruction with limited multi-
view information.

Figure 4.11 displays rendered surface normals alongside the corresponding rendered RGB images
for our method, as well as for [95] and [47]. Method [47] generates noisy surface normals because
normals are not well-defined for 3D Gaussian Splats, and it does not apply any regularization to them.
(To render these surface normals, we define the normal axis as the splat’s axis with the minimum span.)
While the surface normals produced by [95] are better, they are excessively smooth due to the low-
frequency bias of the MLP used in their approach. Furthermore, the RGB renderings from [95] also
lack the high-frequency details that are present in the results from [47] and our method.

Figure 4.12 offers a comparison between our method and [95] using a synthetic dataset, clearly illus-
trating the superior surface normal reconstruction capabilities of our approach. This synthetic dataset
was created on a per-subject basis using Blender.

4.5.3 Ablation Study

We conducted an ablative analysis to assess the impact of several modelling choices integrated into our
training procedure, with a summary of the qualitative results presented in Figure 4.13.

Bilateral Grid UW : As shown in the figure, the bilateral grid UW is critical during the second training
stage. It functions by adjusting the tint of the albedo map (which was initially learned from cross-
polarized images) to accurately match the tint observed in the parallel-polarized images.

Pose-conditioned MLP Φ∆: The results indicate that the pose-conditioned MLP, Φ∆, plays a signifi-
cant role in preserving pose-specific fine details, such as wrinkles, when rendering novel poses.

FLAME-based regularization Lflame: Empirical observations show that the Lflame term in Equa-
tion 4.12 effectively regularizes noise within the learned UV maps. It achieves this by compelling
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Methods Metrics Subject 1 Subject 2

Ours

PSNR↑ 17.92 20.83

MSE↓ 1.59e-2 8.19e-3

L1 ↓ 0.0512 0.0421

Point-avatar

PSNR↑ 16.84 19.22

MSE↓ 2.12e− 2 1.23e− 2

L1 ↓ 0.0647 0.0558

Table 4.3 Comparison between normal rendering of Our method and [95] on synthetic data. ↑: higher

is better, ↓: lower is better. The best results are in bold.

Table 4.4 Quantitative ablation on DuoPolo subjects

Config. L1↓ SSIM↑ PSNR↑

Ours w/o Φ∆ 0.801 0.812 30.07

Ours w/o UW 2.303 0.928 23.76

Ours w/o Lflame 0.811 0.948 30.25

Ours 0.848 0.944 30.67

   

w/o with GT

 

with GT

 

w/o w/o with

Effect of Bilateral Grid Effect of Pose-conditioned MLP Effect of FLAME Regularization

Figure 4.13 Qualitative analysis of different training configurations.

unobserved texels, particularly in the initial training iterations, to align with the rendering of the base
FLAME mesh.
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4.5.4 Training & Implementation Details

Texture maps of size 1024 × 1024 are learned using Hash-encoded Coordinate MLPs. For texture
map synthesis, the Hash-encoded MLP employs 1 hidden layer with 16 neurons. Its associated Hash
Table features 7 levels, each of size 220, with a base resolution of 512 and a growth factor of 1.26. The
separate pose-dependent MLP is designed with 2 hidden layers, each containing 32 neurons. The Hash
grid for this pose-dependent MLP consists of 16 levels, each with a size of 218, a base resolution of 16,
and a growth factor of 1.4. Both MLPs are trained using the AdamW [45] optimizer with a learning
rate of 1 × 10−3. To reconcile the albedo map between cross-polarized and parallel-polarized streams,
we utilize a bilateral grid. This learnable bilateral grid has dimensions of 16× 16× 8× 12 and is also
optimized with AdamW using a learning rate of 1× 10−3. Training for each sequence involves 16,000
iterations in the first stage and 10,000 iterations in the second stage. All experiments were executed on
an NVIDIA RTX A6000 GPU.

4.6 Discussion & Limitations

Our proposed work offers the potential to democratize access to relightable head avatars by making
polarized facial performance acquisition significantly more accessible and cost-effective. The monoc-
ular polarized dataset created using our proposed capture approach is unique. However, its quality is
not directly comparable to data from advanced volumetric lightstage systems. Smartphone camera lim-
itations constrain our dataset’s resolution, occasionally causing inaccuracies in modelling fine-grained
specular reflections or details like hair strands. Furthermore, the restricted range of lighting variations
in our capture makes generalizing relighting to complex environment maps challenging. Since the angle
between viewing direction and light direction always remains zero, the effect of light at grazing angles
becomes difficult to model.

Owing to our capture setup, which consists of a single point light source in a dark room, objects that
are dark become difficult to model, like black hair. The normals in those regions become ill-defined
because multiple solutions can exist for those regions during optimisation.

Additional constraints stem from the underlying parametric head model, which struggles with the
accurate representation of intricate inner-mouth areas like the tongue and teeth, sometimes leading to
blurry details in these regions. The 2DGS representation also has difficulty capturing very fine details
such as individual beard hairs, hair strands, or eyelashes. To overcome these issues, future work will
involve investigating neural strand-based representations for more precise modelling of these facial
attributes. We also plan to explore more accurate differentiable rendering techniques, like differentiable
ray tracing, as an alternative to Gaussian splatting, to better model physics-based reflectance properties.

The proposed approach is very susceptible to noise while tracking the FLAME head model, and
might product noisy expression conditioned albedo maps as a result. The expression-dependent MLP at
the time of inference proves to be a bottleneck while rendering the model, limiting the rendering FPS
to around 40 frames per second. A single head model takes about 90 minutes to train using the pro-
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vided approach, which might not be acceptable while creating a large dataset. Moreover, the presented
approach could not support environment map based relighting.

Since our work generates a photoreal avatar that can be used to reenact any actor, it might raise
some ethical concerns. We also collected a dataset involving facial information of 10 subjects. We are
fully aware of the potential privacy concerns inherent in such data and have proactively implemented
responsible measures to address them. All participation was entirely voluntary, with explicit informed
consent obtained from every subject before their inclusion. Each individual was thoroughly briefed on
the dataset’s scope, purpose, and potential applications to ensure full transparency and understanding.
To further protect privacy and minimize risks, we have established strict data access protocols. Access
is granted only after a comprehensive review and approval process, which requires researchers to submit
a formal application and commit to ethical guidelines. We stress that this dataset is intended exclusively
for academic and research use, and its distribution is carefully controlled to prevent misuse.

While our method aims to advance research in relightable head avatars, we acknowledge the poten-
tial for unethical misuse, such as the creation of deepfakes. Although deepfakes can have legitimate uses
in entertainment and education, they are often linked to harmful outcomes like misinformation, identity
theft, and digital harassment. Our method cannot create a head avatar out of an arbitrary identity, it
needs to be consensually captured first. However, we believe it is crucial to address the ethical consider-
ations of methods like ours to responsibly balance technological advancement with societal impact. By
promoting transparency, accountability, and oversight, and by strictly limiting the use of our dataset and
methodology to research purposes, we strive to minimize potential risks while fostering the legitimate
and responsible application of our work.

4.6.1 Summary

We proposed a novel 2DGS-based head representation, along with a novel smartphone-based setup,
which marks a significant step towards making relightable head avatars scalable. However, the efficiency
of the proposed approach remains questionable due to its long training times, as relatively slow rendering
fps. In the following chapter, we will improve upon the proposed head avatar, both in terms of quality
of representation and in terms of computational efficiency.
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Chapter 5

LightHeaded++: Improved Relightable & Editable Head Avatars from a

Smartphone

In this chapter we will discuss an improved formulation for the head avatar representation that was
proposed in the previous chapter. As discussed earlier, the proposed representation suffered from several
limitations, like long training times, relatively low rendering and limited support for relighting. It did not
outperform existing methods in a monocular setup, which is the most widely available capture method.

We therefore proposed an improvement in the framework that enables training a Gaussian head
avatar in under 10 minutes, with real-time rendering speeds and a low memory footprint. The new
and improved framework is less susceptible to noise in tracking and surpasses previous state-of-the-art
methods across all datasets. We will highlight the improvements in the method and re-evaluate our
method across a wider range of existing methods, and prove the efficacy of our proposed framework.

5.1 Improved Framework

Compared to the previous approach, our polarizer based capture setup remains the same, and the head
is represented as 2DGS embedded onto a parametric FLAME head model. The major improvements
lie in the fact that expression-dependent residual maps are estimated, as well as improvements in the
shader model to support environment-based lighting. We no longer require an MLP at the inference
step, providing a considerable speed-up in rendering speeds. The changes made to the framework are
described ahead:

5.1.1 Textured Gaussian Head Representation

Similar to our previous representation, we obtain a 2DGS based head avatar which enables us to get
accurate surface normals. In our improved framework as well, the gaussian primitives are learnt over
the UV space of FLAME. However, the way attributes are embedded in the UV space is modified.
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Figure 5.1 Proposed two-stage training strategy to learn textured Gaussian head avatars with decom-

posed appearance and geometry.

5.1.2 Embedding 2D Gaussians in UV space:

Similar to the original framework, our process commences by initializing a 2D Gaussian, Gi, for
each UV coordinate (ui, vi) within FLAME’s canonical UV space U . We also perform a one-time
computation to estimate a face index map, Uidx, which stores the triangle (face) index ’m’ corresponding
to each UV coordinate in U (this index is undefined for empty UV regions).

To directly transform these Gaussians from their canonical pose/expression to the deformed pose/expression
dictated by the posed mesh M , we first retrieve the associated face index m = Uidx(ui, vi). This pro-
vides us with the triangle tm = (vm0, vm1, vm2) ∈ 3×R3, representing the 3D positions of its vertices.
For every Gaussian Gi, we then calculate its initial mean position, p̂i, in the posed 3D space using
barycentric coordinates:

p̂i = (αi ∗ vm0) + (βi ∗ vm1) + (γi ∗ vm2), (5.1)

where αi, βi, γi are the barycentric coordinates for the point (ui, vi), and they sum to one (αi+βi+γi =
1).

However, unlike the previous approach, where the Gaussians were free to move across the UV space,
the coordinate of each Gaussian in the UV space is fixed and do not change over time. We empirically
found that this change did not lead to a lowering of learning capability but helped in reducing the
number of learnable parameters for each Gaussian. Instead of allowing freedom of movement in the 2D
UV space, we allow more freedom in the 3D object space, where it can move in 3 spatial dimensions
from its position on the mesh, conditioned on expression, instead of just allowing one degree of freedom
along the normal direction.
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Shaded Albedo SpecularNormals

Figure 5.2 Decomposition of appearance & geometry in UV space.

5.1.3 Gaussian Attributes as UV Maps

Due to changes in the representation of our Gaussian head avatar, and how the gaussian are linked to
the head, some modifications were necessary in defining the attributes of 2D Gaussians in 3D space.

Following the previously established formulation, we initiate by sampling 2D Gaussians with a de-
fined a set of primary UV maps corresponding to each attribute: Ua (albedo map), Uη (roughness map),
UT (tangent map), UB (bitangent map), Uδ (offset map), Us (scale map), and Uo (opacity map). Similar
to before, for any specific Gaussian Gi associated with its UV coordinate (ui, vi), we can query any of
its attributes Ωi using the corresponding map UΩ(ui, vi). The attribute Ωi can represent its albedo color
ai ∈ R2, roughness ηi ∈ R, tangent vector Ti ∈ R3, bitangent vector Bi ∈ R3, 2D scale si ∈ R2, or
opacity oi ∈ R.

To estimate the orientation for a 2D Gaussian Gi, we first retrieve its tangent Ti = UT (ui, vi) and
bitangentBi = UB(ui, vi) from their respective UV maps and then apply Gram–Schmidt orthogonaliza-
tion. The tangent space rotation for this GaussianGi is subsequently defined as R̂i = [Ti, Bi, Ti×Bi] ∈
R3×3. We then derive the 3D world space rotation/orientation Ri by transforming R̂i with a matrix T
(Ri = T ∗ R̂i), where T is a 3 × 3 matrix that converts vectors from tangent space to world space.
Additionally, we compute the normal vector Ni = Ti ×Bi, which is essential for the shading process.

To account for geometric features that are distant from the surface of the base parametric head mesh
M , we define an offset δi = Uδ(ui, vi) along the normal direction. This offset is then used to shift the
initial mean position p̂i of the 2D Gaussian within the 3D space, yielding the final position pi as follows:

pi = p̂i + ξi ∗ T ∗ δi (5.2)
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Here, ξi is the area-adjustment factor, same as before :

ξi = (αi ∗ am0) + (βi ∗ am1) + (γi ∗ am2) (5.3)

where
amj =

1

|N(vmj)|
∑

k∈N(vmj)

√
Area(tk) (5.4)

In these equations, α, β, γ represent barycentric coordinates, and aij (for vertex vij) is the mean root-
sum of the areas of triangles within the neighbourhood N(vmj) of vertex vmj .

5.1.4 Residual UV Maps:

The majority of our changes in the new approach lie in the way the expression-dependent residual
maps are learnt. Earlier, the residual map was applied only to the albedo map Ua. As a result, it
could only model appearance changes due to expression changes, but no expression-dependent geometry
changes could be modelled, beyond what was possible by LBS of the FLAME head mesh. Therefore,
in the new framework, we learn residual maps for all other attributes, which enables us to achieve very
high frequency appearance and geometry changes due to expression.

Beyond the primary UV maps, we also manage a collection of UV maps dedicated to storing
expression-dependent residuals. We establish ’k’ such residual UV maps. For each (ui, vi) coordinate,
these maps store the residuals ∆Ωi, which are applied on top of the primary attributes Ωi. This allows
us to model the various geometrical and appearance alterations observed across the video sequence.
Specifically, the residuals we store are ∆pi,∆ai,∆Ti,∆Bi,∆si, and ∆ηi.

To incorporate expression guidance, we take the expression parameters of the FLAME head mesh,
ψ ∈ R100, and project them onto a k-dimensional space. This projection is achieved using a projection
matrix, Π ∈ Rk×100, which yields linear blend weights W = Π · ψ ∈ Rk. The final blended residuals
for a specific Gaussian Gi are then computed as follows:

∆Ωi = U∆(ui, vi) =
∑
wj∈W

wj ∗ U∆j(ui, vi) (5.5)

These calculated residuals are subsequently added to the primary attributes Ωi to derive the final at-
tributes Ω′

i, according to the following equation:

Ω′
i =


Ωi +∆Ωi ; for pi, Ti, Bi

Ωi ∗ exp(∆Ωi) ; for ai, si, ηi

Ωi ; for oi.

(5.6)

Since all the residual maps can be represented as k residual maps, the need for an MLP-based residual
map generator is eliminated. This allows us to have an inference which is free of any feed-forward
neural network, and each residual map generation, which was a bottleneck earlier, becomes a simple
linear blending of basis residual expression maps as seen in Figure 5.1
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5.1.5 Rendering Equations:

The Gaussians are still represented as an RGB colour ci where view-dependent effects arise due to
the shading model. The shading model for point light remains similar, where we use a physically based
SVBRDF shading model, with Cook-Torrence [16] microfacet specular BRDF

For the diffuse component, we continue to use the BRDF model proposed by Ashikhmin & Shirley[3].

Where our approach differs is the fact that we now model an ambient shading component fenv, which
is due to light bouncing off the environment surfaces. This component becomes essential because the
flashlight source is not a perfect point light source, and our initial assumption assumed no secondary
bounces. We assume that optimizing an environment map along with the point light-based assumption
would help us capture these secondary bounces of light. This also helps us better relight the head model
using an environment map at the time of inference.

We follow the differentiable version of the split sum shading model proposed in [54] to learn environ-
ment lighting from image observations through optimization. The final shaded color is then computed
as:

ci = fdi + fsi + fenv (5.7)

Figure 5.1 illustrates our new training methodology for learning a textured Gaussian head avatar.
Given input cross-polarized and parallel-polarized video sequences, we learn the aforementioned Gaus-
sian attributes in a two-stage process. We employ a set of stacked Multi-Layer Perceptrons (MLPs),
denoted ΦΩ, which consists of several hash-encoded MLPs [52] using hash-encoding ΨΩ. These MLPs
predict UV attributes Ωi = UΩ(ui, vi) for each 2D Gaussian Gi. For residual UV maps, we initialize
learnable UV tensors U∆j with z = |∆Ωi| channels, where j ranges from 1 to k. To address the global
tint-shift between the cross-polarized and parallel-polarized frames, we use a low-dimensional Bilateral
Grid [85] as before, UΘ, with a learnable affine transformation matrix Θi for each UV texel. Addition-
ally, because we allow the (ui, vi) coordinates to optimize over time, we precompute the triangle-index
map Uidx for efficient querying of triangle indices from UV coordinates. Finally, we define a learnable
cube-map E to store environment lighting information. All values specified within UΩ, U∆j , UΘ, Π
(projection matrix for blend weights), and E are initialized randomly and optimized via differential ren-
dering losses in a self-supervised manner. This uses the cross-polarized sequence in the first stage and
the parallel-polarized sequence in the second.

During the first stage, in this framework, our focus is on learning UΩ (excluding the roughness map
Uη) along with the residual UV maps U∆j . We input (ui, vi) into the hash-encoded MLP ΦΩ to predict
attributes Ωi = ΦΩ(ΨΩ(ui, vi)). This includes the albedo ai, tangent Ti, bitangent Bi, scale si, opacity
oi, and an estimate of the shifted mean position pi (as per Equation 5.2). For a given pose/expression
θ, we compute linear blending weights ψ = Π · θ and use Equation 5.5 to obtain the residuals ∆Ωi.
These residuals are then added to the primary attributes using Equation 5.6. Finally, we compute the
final shaded color ci via Equation 5.7 (ignoring the specular component at this stage) and use this color,
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along with Ti, Bi, si, and oi, to perform 2D Gaussian splatting for rendering the image and minimizing
the loss Lcross.

In the second stage of training, we fix the primary and residual albedo UV maps (Ua and U∆a) by
freezing their optimization. Our focus shifts to learning the roughness map exclusively. Additionally,
we learn the bilateral grid UΘ during this stage. This is to account for the tint shift observed between the
albedo learned from cross-polarized images in the preceding stage and the appearance in the parallel-
polarized images. The tint-corrected albedo is then obtained as:

a′i = Θi · (ai ∗ exp(∆ai)). (5.8)

During this second stage, when computing the shaded color ci (using Equation 5.7), we incorporate
both diffuse and specular components. We retrieve the values of the other attributes learned in the first
stage, render an image via splatting, and then minimize the loss Lparll. Both Lcross (from the first stage)
and Lparll are defined by the following loss composition:

Lcross/parall. = L1 + LSSIM + LLPIPS + Lscale (5.9)

where Lscale =
∑

imax(0, si − 0.3) remains the same
Note that the Lflame term has been removed, as we empirically found it to not affect the visual

quality much, but was computationally inefficient, as for each training step, besides the gaussian based
rendering, it also became necessary to do a mesh rasterization based rendering of the FLAME head.
Removing this term helped us to considerably improve the training times.

Throughout both training stages, we initialize the environment cube map E randomly and optimize
its values using Equation Equation 5.7. For efficient rendering during inference, we discard the MLP
ΦΩ. Instead, we directly use the attributes stored in the primary UV maps UΩ, while continuing to rely
on the projection matrix Π and the residual UV maps U∆ to handle deformations dependent on poses
and expressions.

It is important to note that even though we use Hash-grid MLP to learn the primary map, as seen in
Figure Figure 5.1, we can discard the MLP once the primary maps are learnt; therefore, at inference,
the need for Hash-grid MLP is eliminated for both the primary texture attribute maps and the residual
maps. The residual maps are like a codebook of parameters, which are optimized directly without the
need for an MLP.

5.2 Training & Implementation

Our new approach learns texture maps at a resolution of 512 × 512 pixels using Hash-encoded
Coordinate MLPs. These Hash-encoded MLP responsible for texture map synthesis are designed with 2
hidden layer containing 128 neurons each. Its associated Hash Table is structured with 16 levels, where
each level has a size of 222. The base resolution for this hash table is 8, and it employs a growth factor
of 1.26.
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For pose, we create a codebook containing residual UV Map basis, which can be linearly combined
to produce a residual texture map for the various Gaussian attributes. The Flame expression parameters
(ψ ∈ R100) are mapped to a lower dimensional space using a learnt linear transformation Π ∈ Rk×100 to
get the linear weights W ∈ Rk which are used to weigh the basis maps. The value of k = 25. Therefore,
the total size of the codebook becomes 25 × 512 × 512 × 17, where the last dimension represents the
various residual attributes that need to be learnt. This set of parameters is also optimized via Adamw
[45] optimizer with a learning rate of 10−3.

To ensure color consistency by matching the albedo map between the cross-polarized and parallel-
polarized video streams, we employ a bilateral grid. This learnable bilateral grid has dimensions of
16× 16× 8× 12.

We maintain the bilateral grid to ensure colour-consistency between the cross-polarized and parallel-
polarized streams. This learnable bilateral grid has dimensions of 16×16×8×12 and is also optimized
using the AdamW optimizer with an identical learning rate of 1× 10−3.

The training process for each sequence is divided into two stages: the first stage runs for 15,000 iter-
ations, and the second stage runs for 5,000 iterations. All computational experiments were conducted on
an NVIDIA RTX A6000 GPU. Two-stage training takes about 20 minutes, while single-stage training,
on the monocular dataset, can be completed in as little as 6 minutes.

5.3 Experiments & Evaluation

Evaluation Dataset & Metrics: Our experimental evaluations are conducted using sequences from the
“DuoPolo”section 4.4 dataset, which we introduced in previous chapter. However, unlike the previous
framework, we also compare on two other datasets [1][47], which proves the efficacy of our method
across various identity types and input video resolutions. For every sequence, we implement a train-test
split, allocating the initial 80% of its frames for training purposes and reserving the final 20% for testing.
In our quantitative assessment, we calculate the same metrics as before, such as the per-sequence (or
alternatively, per-subject) L1 error, Peak Signal-to-Noise Ratio (PSNR)[19], and Structural Similarity
Index Measure (SSIM)[32]. These metrics are computed by comparing the frames rendered by our
model against the corresponding input (ground truth) frames taken from the designated test portion of
the data.

5.3.1 Qualitative Results

Learned Reflectance Maps for Relighting: The capability of our proposed method to capture physi-
cally plausible facial reflectance is demonstrated in Figure 5.2. This is achieved by successfully separat-
ing appearance into distinct albedo, roughness, and normal components, represented as UV maps. Con-
currently, our method reconstructs high-frequency geometrical details. This effective disentanglement

52



Original Shape #1 Shape #2 Original Shape #1 Shape #2

Figure 5.3 Shape editing over reconstructed head avatars.
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Table 5.1 Comparison of different methods on INSTA, 3DGB and Our Dataset. Best values are high-

lighted in green, while second-best values are in yellow.

INSTA[1] 3DGB [47] DuoPolo (Ours))

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Point-Avatar 29.12 0.932 0.094 31.76 0.926 0.145 27.77 0.919 0.128

FlashAvatar 30.14 0.942 0.038 25.92 0.920 0.094 29.79 0.923 0.089

Gaussian Deja-vu 25.56 0.925 0.058 23.45 0.910 0.079 24.73 0.848 0.183

SPARK 23.75 0.873 0.103 24.70 0.863 0.101 23.75 0.873 0.103

GaussianBlendshapes 30.01 0.951 0.084 32.05 0.942 0.144 30.02 0.943 0.094

Ours 30.33 0.952 0.036 32.92 0.943 0.046 31.98 0.955 0.053

enables the relighting of the reconstructed head avatars using varied environment maps, as illustrated in
Figure Figure 5.4.

Editing: Our proposed textured human head representation still supports both shape and appearance
editing. Shape modifications can be made by altering the shape parameters of the underlying FLAME
mesh (shown in Figure 5.3). Appearance editing is facilitated by directly modifying only the albedo
map like before.

5.3.2 Comparison

Given that the majority of learning-based monocular head avatar methods operate under the as-
sumption of a uniformly lit environment with constant illumination and are not designed to process
polarization data, we conduct a fair comparison of our training methodology against existing state-of-
the-art (SOTA) methods by focusing exclusively on the cross-polarized (diffused) sequences from our
own captured dataset. To broaden this comparison, we also incorporate samples from the INSTA [1]
dataset and the 3DGB dataset introduced in [47]. We adhere to the comprehensive evaluation strategy
outlined by GaussianBlendshapes (GBS)[47] and present our results for PSNR, LPIPS, and SSIM in
Table 5.1. These results demonstrate that our method outperforms all the existing methods for head
avatar reconstruction from monocular video.

A qualitative comparison, presented in Figure Figure 5.6, demonstrates the superior quality of our
results when compared to other methods. Our approach successfully captures fine details (as highlighted
within boxes in the figure) and, importantly, also supports relighting and editing capabilities, features
not directly offered by the compared techniques.

Furthermore, we compare the surface normals of the head avatar generated by our method against
those from approaches that aim to reconstruct facial geometry in addition to appearance, as shown in
Figure 5.5. The results indicate that PointAvatar produces overly smooth geometry because its point
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Figure 5.4 Relighting the reconstructed head avatars in diverse environments.

splats are unable to represent detailed geometric features. In contrast, while [95] GBS [47] attempts
to capture more detail, it generates numerous spiky artefacts, primarily due to the inherent limitations
of 3d Gaussians, which are not ideally suited for accurate surface reconstruction. SPARK[6] models
facial geometry as a mesh by learning offsets on top of an underlying FLAME head mesh; however,
it struggles to capture high-frequency details such as wrinkles, beards, or loose skin. Conversely, our
proposed 2DGS-based head representation yields high-quality surface normals that effectively capture
subject-specific finer details.

5.3.3 Ablation Study

Due to changes in our formulation in the new framework, we conducted new ablative analysis to
evaluate the contributions of several key components proposed in our method. The impact of employing
residual UV maps, ∆Ω, is demonstrated in Table 5.2. Furthermore, we investigate the effect of varying
the dimensionality (the value of ’k’) of the low-dimensional projection space used for linear basis blend
weights, with results presented in Table 5.3. Our observations indicate that selecting a higher value
for ’k’ enhances the quality of the results; however, this also leads to a significant increase in storage
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PointAvatar GBS SPARK Ours

Figure 5.5 Comparison for surface normals of the reconstructed facial geometry.

requirements. A larger ’k’ value also necessitates more learning parameters, consequently extending the
training time. Additionally, we examine the influence of UV map resolution in Table 5.4, illustrating the
trade-off between rendering quality and training duration. While higher resolution maps utilize more
Gaussians and thus result in slower convergence, the corresponding improvements in rendering quality
are not substantial. Therefore, we adopt 512× 512 as our default UV map resolution.

Table 5.2 Effect of Residual Maps
Texture Maps PSNR ↑ SSIM↑ LPIPS↓

w ∆Ωi 33.12 0.953 0.048

w/ o ∆Ωi 30.99 0.945 0.053

5.4 Discussion

Our new framework outperforms the previous approach not only on our dataset but on all datasets,
unlike before. The new approach has faster training time, high representative ability, produces higher
quality head avatar and adds support for environment map based lighting.
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Gaussian  SPARK FlashAvatar GBSDeja-vu Ours GT

Figure 5.6 Qualitative comparison with SOTA methods. Our method is able to better capture finer

details (such as teeth and eyes) whilst supporting relighting, pose and expression control.

Due to our novel residual map basis codebook, we are able to reduce the effect of noise in FLAME
parameter estimation. As a result, the rendered head avatar appears more temporally consistent com-
pared to our original approach.
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Table 5.3 Ablation over values of k for resid-

ual basis
Num. Basis Maps PSNR↑ SSIM↑ LPIPS↓ Storage(MB)↓

5 32.46 0.953 0.039 52.4

25 33.91 0.960 0.035 262.2

50 33.62 0.960 0.036 524.3

100 33.59 0.960 0.037 1048

Table 5.4 Effect of TexMap resolution
Texture Resolution PSNR↑ SSIM↑ LPIPS↓ Time(min)↓

128x128 33.12 0.953 0.048 5.78

256x256 33.65 0.957 0.039 6.2

512x512 33.84 0.959 0.036 11.2

1024x1024 33.92 0.961 0.033 28.8

However, it still suffers from some of the limitations of our previous approach. Hair strands are still
a challenge to be modelled, and since the capture setup remains the same, the inability to capture the
interaction of light at grazing viewing angles is still difficult. The variation in lighting conditions is
restricted, making it challenging to generalise relighting for complex environment maps.

We aim to explore more accurate techniques for differentiable rendering, such as differentiable ray
tracing, as opposed to Gaussian splatting, to better model physics-based reflectance properties, espe-
cially subsurface scattering of light, which occurs in the skin.

5.5 Summary

In the previous two chapters, we introduced LightHeadEd, a method designed to be both scalable
and affordable for the capture and reconstruction of animatable, relightable, and editable head avatars.
We were able to achieve it using a commodity smartphone equipped with polaroid filters. Our approach
featured several key contributions: a seamless process for acquiring dynamic polarized facial perfor-
mances; a novel textured Gaussian head representation where 2D Gaussian attributes are embedded
within the UV space of a parametric head mesh; and an effective self-supervised training scheme to
reconstruct these head avatars from monocular video input.

We presented the two representations of head avatars that were developed during the progress of
this project. The initial approach achieved remarkable quality in our captured dataset, but suffered
some drawbacks in preserving high-quality details in a monocular camera-based dataset. The temporal
consistency was heavily reliant on the noise in the FLAME head tracking approach. In the improved
representation, the focus was on making the head avatar more efficient in terms of rendering and training.
Besides this, the new representation also achieved improved temporal consistency and better quantitative
metrics across all tested datasets, making it a significant leap forward for democratizing the capture and
reconstruction of human head avatars.
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LightHeadEd facilitates various applications, including relighting and text-based appearance editing,
and demonstrates superior performance in geometry, appearance, and physically accurate shading when
compared to existing methods. While the precise modelling of very fine details such as individual hair
strands and skin pores presents current limitations, our future work aims to address these. If the dataset
is expanded to make it more extensive and diverse, it can aid in the development of a more generalizable
universal head model.
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Chapter 6

Conclusion

To summarize, this thesis presented and investigated two core methodologies for 3D head avatar cre-
ation: a text-driven approach and a capture-based method. These techniques collectively strive towards
the goal of creating realistic digital replicas efficiently and scalably. In this chapter, we will further
discuss how this work has contributed to the field, with potential impact, and possibilities for future
research and extensions in avatar generation.

6.1 Impact

This thesis aims to advance the field of 3D Head Avatar Generation & Reconstruction, by providing
scalable and efficient approaches for digital head replica creation. The proposed approaches can be of
great use to the field of AR/VR for the application of telepresence and holoportation. It can also be
useful in the VFX industry for the purpose of actor reenactment, body double replacement and appear-
ance modifications like de-ageing. Our proposed capture method can make the creation of relightable
head avatars scalable, making it possible to create a large-scale head avatar dataset, on which future
foundational models could be trained. We aim to publicly release the captured dataset while outlining
the steps to recreate the setup in the hopes of aiding the 3D computer vision community.

6.2 Discussion and Limitations

Although both of our presented approaches outperformed existing state-of-the-art methods both qual-
itatively and quantitatively, they suffer from some limitations, which can also open up venues for future
improvement and research.

Our text-conditioned textured head avatar generation pipeline was capable of generating a diverse set
of head avatars with a wide variety of possible appearances, owing to the latent-diffusion model used
[66]. However, the generated texture maps have light baked into them, making the generated avatars
look unrealistic. Besides, it failed to model pose-dependent appearance changes like wrinkles.
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An approach to overcome this limitation could have been to train on a dataset, which has lighting
information decoupled from its appearance information, to directly generate albedo, normal and specular
maps conditioned on text. However, no such dataset existed prior to our work. Therefore, we set out
to create a novel, scalable capture setup and head avatar representation that could create a relightable
head avatar. The data collected from this capture setup could be used to train a generic head generation
model conditioned on image or text.

Although our proposed method outperformed other State-of-the-art methods, it suffered from some
drawbacks. One of the major ones is the inability to accurately model hair. Due to our point light-
based lighting, it becomes difficult to capture highly detailed images of the hair region, especially for
darker hair colours, resulting in the reconstructed head avatar lacking finer, strand-level details. This
also inhibits the editing options for the hair region.

Using our method, the interaction of light at grazing viewing angles in not observed, and thus the
interaction of skin under all possible light directions becomes difficult to model. A second capture
device will immensely help with capturing these interactions.

6.3 Future Directions

This thesis opens up promising avenues for future research. We describe some of them as follows:

• Universal Head Avatar: The end-goal of our capture-based approach is to create a dataset that
could be used to train a universal head avatar model. Such a model would be capable of generating
a relightable head avatar conditioned on just text or a reference image. Our capture process can
be scaled up to capture such a dataset.

• Hair Strand Reconstruction: A field that remains challenging to solve is that of hair strand-
based reconstruction, which is very helpful when realistically simulating hair. Light interacts
with hair differently as compared to skin, and the dynamics of hair are also inefficient to model.
Our representation could be combined with a strand-based hair representation to make the hair
regions more realistic.

• Full Body Avatar: Our proposed head avatar representation can be extended to a full body human
avatar with minor modifications, allowing efficient and relightable representation for the complete
human body.

• Expanded Capture Setup: Many of the limitations of our capture-based approach could be
resolved if we use two phone cameras instead of one. However, one major challenge that arises is
that of frame and light syncing between the two devices.
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