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ABSTRACT

Gaze-controllable face generation systems produce facial images with adjustable gazes,

enabling a wide range of applications such as virtual reality, digital humans, and computer-

generated filmmaking. Traditional methods achieve gaze control through image replacement

or graphical modeling techniques. However, to make gaze-controllable face generation more

accessible and practical, researchers are increasingly focusing on leveraging deep neural

networks, particularly generative models, in both 2D and 3D frameworks. My work addresses

three outstanding problems regarding quality, speed, and usability in this field: 1) It is

hard to model both rigid eyeball rotation and non-rigid eyelid deformation in a unified 3D

representation; 2) The inference of 3D gaze-controllable generation models is still far from

being real-time; 3) Using explicit gaze labels to control gaze is inconvenient for general use.

In this dissertation, I propose three approaches to tackle these problems separately: modeling

a hybrid transformation from observation space to canonical space with one unified 3D model

for high-fidelity generation, distilling face shape prior into an e!cient 3D representation for

real-time generation, controlling gaze image generation with the guidance of natural language

for convenient use.

I present three key contributions in this dissertation. First, I introduce an eye-controllable

face NeRF model handling rigid eyeball rotation and non-rigid eyelid deformation. The model

can generate high-fidelity images under novel head poses and gaze directions. Second, I

propose a real-time 3D-aware gaze redirection module generating multi-view gaze images from
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a single face image. It takes 61ms to process the input and generate results, outperforming

other methods by a large margin. Third, I present the first text-to-gaze dataset and a novel

framework enabling language-guided gaze-controllable face generation. It provides a more

natural way to control gaze image generation.
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Chapter One

Introduction

Gaze-controllable face generation is a task to control gaze direction during the process of

generating a face image. The eyes are one of the most prominent features of the human face

and play a crucial role in how we perceive the world. We rely heavily on vision to gather

information in our daily lives, and people tend to trust what they see rather than what

they hear. Moreover, gaze can reveal a great deal about personal traits, including desires,

emotions, cognitive states, and interpersonal dynamics. For example, by observing the gaze of

an audience, one can gauge their interest in a presentation—if they are engaged, their gaze is

likely focused and attentive. Gaze-controllable face generation holds significant potential for

applications in virtual reality (Zhang et al., 2022; Zheng et al., 2023), digital humans (Jack

et al., 2015; Tse et al., 2022; Wang et al., 2023b), and CG (Computer Graphics) film-making

(Yang et al., 2022; Blanz et al., 2004).

1.1 Motivation

To make gaze-controllable face generation widely applicable, it should meet requirements in

three key aspects: quality, speed, and usability.

Quality. Image quality is always important to generation tasks (Gauthier, 2014; Goodfellow
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Introduction

et al., 2014). High-quality image generation is a prerequisite for the applicability of generation

methods. Facial generation methods focus mainly on generation in the face region, regardless

of changes in the eye region (Hong et al., 2022; Athar et al., 2022). The eye patch gaze

redirection methods focus only on generation in the eye region under di"erent gaze directions

(He et al., 2019; Yu et al., 2019a). Regarding gaze-controllable face generation, it not only

requires high-quality generation of facial features but also needs to produce photo-realistic

and consistent eye regions under di"erent gaze directions. Compared to other facial features,

even minor imperfections in the eye region are highly noticeable. This makes gaze-controllable

face generation even more challenging.

Speed. In terms of gaze-controllable face generation, it is not enough to generate natural and

photorealistic images. Slow inference can also significantly hinder its practical deployment.

In general, gaze-controllable face generation methods can be categorized into two groups:

2D-based methods (Ganin et al., 2016; Zheng et al., 2020) and 3D-based methods (Ruzzi

et al., 2023; Li et al., 2022a). 2D-based methods do not perform well in 3D consistency.

3D-based methods su"er from low inference speed. There are many potential applications

requiring both good 3D consistency and real-time performance, especially in immersive games

and metaverse.

Usability. Usability is indispensable for the widespread adoption of gaze-controllable face

generation. Gaze redirection methods tend to use angles of gaze direction to guide the

generation process (Zheng et al., 2020; Ruzzi et al., 2023). This is because the angles are

accurate and the generated images can be used for some downstream tasks such as gaze

estimation (Zheng et al., 2020). However, it is much more natural for people to control

generation with natural language in most cases (Feng et al., 2024). When generating a face

image that appears to gaze in a specific direction, we do not aim for a precise orientation,

but rather consider a certain acceptable range. If the initial generation does not meet

expectations, we can further refine the results using language-based adjustments. For users,

2



Introduction

language-guided methods are more e!cient and convenient.

Therefore, my work focuses on improving quality, speed, and usability in gaze-controllable

face generation and addresses related problems.

1.2 Outstanding Problems

This work tackles three critical challenges in the field of gaze estimation.

It is hard to model both rigid eyeball rotation and non-rigid eyelid deformation

in a unified 3D representation. Combining a 3D face representation with gaze control is

beneficial for ensuring 3D consistency in gaze-controllable face generation. However, modeling

both rigid eyeball rotation and non-rigid eyelid deformation within a single framework presents

significant challenges. Eyeball rotation involves rigid transformations, where the eyeball

moves from one direction to another, maintaining its shape and structure. In contrast, eyelid

deformation is non-rigid, as it involves intricate muscle motions and the flexible deformation

of facial skin. Typically, non-rigid facial deformations are learned through neural networks

conditioned on expression parameters (Hong et al., 2022) or latent deformation codes (Park

et al., 2021). Hong et al. (2022) propose to rotate the eye latent features using an eye rotation

matrix to model the eyeball rotation. However, performing the rotation in feature space

often results in low-quality rendered images. Li et al. (2022a) separate the 3D space into

eyeball space and outside space with an explicit eyeball surface model. Then they transfer

the points in eyeball space and outside space into a common canonical space through rigid

transformations and a learned warp field for volume rendering. However, the introduction of

the explicit eyeball surface model increases the training di!culty and the simplified eyeball

model also limits the generation quality. This raises an important question: is it possible to

construct a unified 3D model that e"ectively handles both rigid eyeball rotation and non-rigid

eyelid deformation?

3



Introduction

The inference of 3D gaze-controllable generation models is still far from being

real-time. Although 3D models excel at maintaining 3D consistency during deformation,

they often su"er from slow inference speeds. Unlike 2D methods, 3D approaches must process

and store more extensive information across three dimensions, requiring more computational

resources. As a result, 3D methods typically rely on complex and resource-intensive models,

significantly hindering their e!ciency during inference. For instance, Li et al. (2022a) propose

to perform dense sampling across a 3D space to render high-resolution images using Neural

Radiance Field (NeRF) (Mildenhall et al., 2021). While this approach achieves exceptional

visual fidelity, it often requires around half a minute per image, making it unsuitable for

real-time applications. Additionally, this model requires training on a large set of personalized

multi-view images, which makes it impractical for everyday applications. (Hong et al.,

2022) build a generic 3D gaze-controllable face generation model with an e!cient NeRF

representation and a super-resolution module, achieving real-time rendering. Unfortunately,

this method requires an inversion process that takes up to one minute to obtain the input

facial parameters before rendering, when provided with a face image. This raises a crucial

question: can we develop a 3D gaze-controllable face generation model capable of delivering

real-time performance without compromising the benefits of 3D consistency?

Using explicit gaze labels to control gaze is inconvenient for general use. Existing

gaze redirection methods typically rely on explicit gaze labels, such as pitch and yaw angles,

to guide the generation process (Zheng et al., 2020; Ruzzi et al., 2023). These approaches

are originally intended to produce gaze datasets, including gaze images and corresponding

labels, for downstream tasks like gaze estimation. However, gaze control is also crucial for

animatable digital avatars, which have extensive applications in the metaverse and 3D gaming.

In such scenarios, requiring users to specify a precise target direction and provide it to the

model is neither intuitive nor user-friendly (Delmas et al., 2022; Feng et al., 2024). Explicit

gaze labels are inconvenient for general use, especially in interactive and creative applications.

4
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This raises a compelling question: can gaze-controllable face generation be guided in a more

natural and user-friendly way, such as through language descriptions?

1.3 My Approaches

To tackle these three challenges, I propose three distinct approaches: modeling a hybrid

transformation from observation space to canonical space with one unified 3D model, distilling

face shape prior into an e!cient 3D representation, controlling gaze with the guidance of

natural language.

Modeling a hybrid transformation from observation space to canonical space

with one unified 3D model. Face rendering using NeRF (Mildenhall et al., 2021) is

a rapidly developing research area in computer vision. While recent methods primarily

focus on controlling facial attributes such as identity and expression, they often overlook

the crucial aspect of modeling eyeball rotation (Hong et al., 2022; Athar et al., 2022), which

holds importance for various downstream tasks. I aim to learn a face NeRF model that

is sensitive to eye movements from multi-view images. I address two key challenges in

eye-aware face NeRF learning: how to e!ectively capture eyeball rotation for training and

how to construct a manifold for representing eyeball rotation. To accomplish this, I first fit

FLAME (Li et al., 2017), a well-established parametric face model, to the multi-view images

considering multi-view consistency. Subsequently, I introduce a new Dynamic Eye-aware

NeRF (DeNeRF). DeNeRF transforms 3D points from di"erent views into a canonical space

to learn a unified face NeRF model. I design an eye deformation field for the transformation,

including rigid transformation, e.g., eyeball rotation, and non-rigid deformation in the eye

region. The developed model is capable of generating high-fidelity images with accurate

eyeball rotation and non-rigid periocular deformation, even under novel viewing angles. I

show the details of this approach in Chapter 3.
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Distilling face shape prior into an e"cient 3D representation. Recent methods

usually struggle with good 3D consistency (Zheng et al., 2020) or have limited e!ciency and

quality (Ruzzi et al., 2023), thereby limiting their applications. To address the problem, I

present a real-time and high-quality gaze direction method. My method leverages recent

advancements in real-time radiance fields (Chan et al., 2022) and fuses gaze with the extracted

high-frequency features for redirection through a cross-attention mechanism. Consequently,

I distill a lightweight module from a 3D portrait generator (Trevithick et al., 2023), which

provides prior knowledge of face geometry. The final redirected image is attained via

di"erentiable volume rendering (Mildenhall et al., 2021). The developed system achieves

real-time 3D-aware gaze redirection with a feedforward network (i.e., → 0.06 sec/image),

1000↑ faster than other 3D-aware methods (Ruzzi et al., 2023; Hong et al., 2022). I show

the details of this approach in Chapter 4.

Controlling gaze with the guidance of natural language. Generating face images

with specific gaze information has attracted considerable attention in recent years. Existing

approaches typically input gaze values directly for face generation, which is unnatural and

requires annotated gaze datasets for training, thereby limiting its application (Zheng et al.,

2020; Ruzzi et al., 2023). To address the problem, I present a novel gaze-controllable face

generation model guided by natural language. The approach inputs textual descriptions

that describe the human gaze and head behavior and generates corresponding face images. I

first introduce a text-of-gaze dataset containing over 90k text descriptions spanning a dense

distribution of gaze and head poses. I further propose a gaze-controllable text-to-face method.

My model contains a sketch-conditioned face di"usion module and a model-based sketch

di"usion module. I define a face sketch based on facial landmarks and an eye segmentation

map. It provides a structured and detailed foundation for generating facial images. The face

di"usion module generates face images from the face sketch, and the sketch di"usion module

employs a 3D face model to generate a face sketch from the text description. I show the
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details of this approach in Chapter 5.

1.4 Contributions

My work makes three key contributions.

First, I introduce an eye-controllable face NeRF model trained on multi-view images. This

model enables high-fidelity face rendering under novel eyeball and head poses. Extensive

experiments demonstrate that the rendered images significantly improve the performance of

downstream gaze estimation tasks.

Second, I present a lightweight, real-time 3D-aware gaze redirection module that employs

a cross-attention-based gaze fusion mechanism, ensuring robust 3D consistency. Evaluated

on the ETH-XGaze dataset, our method outperforms state-of-the-art approaches in both

inference speed and image quality.

Third, I propose a novel task: gaze-controllable face generation guided by textual descriptions

of human gaze behavior. To support this task, I present the first text-to-gaze dataset,

comprising over 90k descriptions. Additionally, I propose a two-stage text-to-face framework

that enables language-guided, gaze-controllable face generation.

1.5 Structure

This dissertation is organized as follows:

Chapter 1 serves as an introduction, detailing the research challenges in the field, summa-

rizing the approaches adopted to address them, and clearly stating the specific contributions

of my work.

Chapter 2 provides an overview of gaze-controllable face generation and gaze estimation. It
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reviews the mainstream approaches for gaze-controllable face generation and gaze estimation,

highlighting their relationship and key connections. It then describes the gaze datasets and

the dataset used in my work.

Chapter 3 proposes DeNeRF, a high-fidelity dynamic face NeRF model from multi-view

images. It learns a unified canonical space to construct a rotation-aware manifold for eyeball

rotation and the deformation of the periocular region. This model achieves high-fidelity face

rendering under novel eyeball poses and head poses.

Chapter 4 presents LiveGaze, a real-time 3D-aware gaze controllable face generation model.

The model simplifies the input to a single image and achieves real-time performance by

distilling 3D face priors into a lightweight module.

Chapter 5 introduces TextGaze, a language-guided gaze-controllable face generation model.

I propose the first text-to-gaze dataset to link text and gaze. This model enables users to

control gaze image generation more naturally through natural language.

Chapter 6 concludes this dissertation by summarizing its key contributions, discussing its

limitations, and proposing potential directions for future exploration.
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Chapter Two

Literature Review

Gaze, as a crucial means for humans to observe the world, has always been an important

subject of research for centuries. Gaze estimation and gaze-controllable face generation are

two main tasks in gaze research. Gaze estimation is to estimate gaze directions from face

images while gaze-controllable face generation is to generate face images under di"erent gaze

directions. Even though the goal of gaze-controllable face generation is di"erent from gaze

estimation, it is helpful to improve gaze estimation in di"erent aspects. For instance, the

generated gaze images can be used to augment gaze datasets to improve user-specific (Yu

et al., 2019b; Wang et al., 2023b) or generic gaze estimation (Zheng et al., 2020; He et al.,

2019) and gaze-controllable face generation can be used to learn a robust gaze representation

(Yu et al., 2020; Park et al., 2019a) which is helpful to improve the generalization performance

of gaze estimation models. Besides, a trained gaze estimator can also be used to improve

the accuracy of gaze control (Zheng et al., 2020; Ruzzi et al., 2023) in gaze-controllable face

generation. Regarding datasets, gaze-controllable face generation generally uses the same

gaze datasets as gaze estimation. It is because gaze datasets have a large amount of gaze

images with di"erent gaze directions which is beneficial to train models generating gaze

images under various gazes.
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There are some tasks that are close to gaze-controllable face generation, like gaze correction

and gaze redirection. Gaze correction is to adjust or align a person’s gaze (in an image,

video, or real-time scenario) to make it appear as if they are making eye contact, typically

for the purpose of improving visual alignment in video conferencing. Gaze redirection refers

to the process of redirecting a person’s gaze to a specific target direction without altering

the identity or other environmental elements. In general, gaze redirection is guided by a

specific target gaze label which contains a yaw angle and a pitch angle of the gaze direction

in the camera coordinate. Di"erent from gaze correction, gaze-controllable face generation

approaches are able to redirect gaze continuously in a certain range while gaze correction

approaches generally only allow the person to look at the camera for making eye contact. As

for gaze redirection, gaze-controllable face generation has the same goal with it regarding

redirecting gazes, but gaze-controllable face generation does not strictly enforce the invariance

of identity and the guidance from gaze labels. For example, gaze-controllable face generation

can only take gaze guidance as input and generate multiple results with di"erent identities.

And the gaze guidance can be gaze labels or others like gaze text descriptions or face sketches

including details in the eye region.

Gaze-controllable face generation can be realized through traditional approaches or learning-

based approaches. Traditional approaches do not involve learning algorithms and they

generally use image replacement or build a graphic model to realize gaze control. With the

development of deep neural networks, learning-based methods have become more and more

popular. Many researchers have shifted their focus to learning-based methods, leading to

numerous significant research achievements. Based on whether explicit 3D facial represen-

tations are utilized, they can be further categorized into 2D-based methods and 3D-based

methods. 2D-based methods operate on 2D images by warping image pixels or generating

gaze images at the 2D level. In contrast, 3D-based methods construct gaze-controllable 3D

face representations for each input using techniques like the neural radiance field (NeRF).
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3D-based methods have better 3D consistency in face generation as they refer to the same

3D face representation when changing head poses.

In this chapter, I begin by briefly describing the eyeball structure and deformation in the eye

region to help understand how the human visual system works. Following that, I introduce the

mainstream methods of gaze estimation and show how gaze-controllable face generation can

be used to improve gaze estimation. I then discuss existing gaze-controllable face generation

methods, including traditional approaches, 2D learning-based approaches, and 3D learning-

based approaches. I also discuss the modern generation models that can be applied to

gaze-controllable face generation. I provide an overview of the latest advancements in the

field and emphasize the specific research challenges that my work seeks to address. Finally, I

detail the datasets utilized in gaze research. I select some datasets in my work and provide a

rationale for their selection.

2.1 Human Visual System

Before delving into how gaze estimators and gaze-controllable face generation models work,

it is essential to understand the structure of the human eye. In this section, I will introduce

the anatomy of the eyeball and explain how the eye region deforms when we move our eyes.

2.1.1 Eyeball Structure

The eye is an image-forming organ that functions similarly to a camera. It captures light

from the external environment and focuses it onto a plane to form an image. As shown in

Fig. 2.1, when light enters the eye, it first passes through the cornea, which acts as the

primary refractive medium, providing most of the eye’s focusing power. The light then travels

through the pupil, whose size is regulated by the iris to control the amount of light entering

the eye. After passing through the pupil, the light is further focused by the lens, which
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Figure 2.1: Eyeball structure (Ghosh et al., 2023).

adjusts its curvature to direct the light onto the retina. Within the eye, the optical axis

(LoG) represents the geometric centerline of the eyeball, while the visual axis (LoS) is the

path of light that passes through the center of the pupil and reaches the fovea, the region of

the retina responsible for high-resolution vision. Due to the asymmetry of the eye’s structure,

there exists a small angular o"set, denoted as ω, between the optical axis and the visual

axis, which is critical for precise gaze estimation and eye modeling. According to previous

studies (Carpenter, 1988; Guestrin et al., 2006), the fovea is positioned approximately 4-5°

horizontally and 1.5° vertically below the optical axis. However, this alignment can vary by

up to 3° across di"erent individuals (Guestrin et al., 2006). Finally, the photoreceptor cells in

the retina convert the incident light into neural signals, which are transmitted via the optic

nerve to the visual cortex in the brain. The brain processes and reconstructs this information,

resulting in the perception of the visual image.

2.1.2 Eye-Region Deformation

Eye-region deformation mainly contains eyeball rotation and eyelid deformation. The muscles

around the eyes, known as the extraocular muscles, control the rotation of the eyeball by
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Figure 2.2: Extraocular muscles (Titova et al., 2024).

working in coordinated pairs to produce specific movements. As shown in Fig. 2.2, there are

six primary extraocular muscles (Titova et al., 2024): Medial Rectus moves the eye inward

(towards the nose) and is responsible for adduction; Lateral Rectus moves the eye outward

(away from the nose) and is responsible for abduction; Superior Rectus moves the eye upward

and is responsible for elevation; Inferior Rectus moves the eye downward and is responsible

for depression; Superior Oblique rotates the eye downward and outward (laterally) and is

responsible for intorsion (rotation of the top of the eye towards the nose); Inferior Oblique

rotates the eye upward and outward and is responsible for extorsion (rotation of the top of

the eye away from the nose).

These muscles work in a precise manner to control eye movements in di"erent directions.

When one muscle contracts, it pulls the eye in a specific direction, and the antagonist muscle

on the opposite side may relax or contract in the opposite direction to balance the movement.

This coordination allows for smooth and accurate eye rotations, which are essential for proper
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vision, focus, and gaze direction. Eyeball rotation can be regarded as a rigid transformation

as the six muscles act on the outer surface of the eyeball and rotate the eyeball as a whole

object.

When the eyeball moves, the eyelid deforms with the movement. Di"erent from eyeballs,

eyelids are made of soft skins instead of rigid objects. Therefore, eyelid deformation can not be

modeled simply by rigid transformation. Malbouisson et al. (2005) propose to describe upper

and lower eyelid saccades as a harmonic oscillator function, which provides a mathematical

model for the dynamics of eyelid movements. Based on the model, Wood et al. (2016a)

develop a 3D morphable eye region model that enables natural eyelid deformation following

eyeball rotation. However, individuals have varying eyelid shapes and di"erent movement

speeds for their upper and lower eyelids. With the development of deep neural networks,

more researchers use neural networks to learn eyelid deformation from data (He et al., 2019;

Zheng et al., 2020; Ruzzi et al., 2023), which my work also focuses on.

2.2 Gaze Estimation

Over the past few decades, researchers have proposed numerous gaze estimation methods.

The earliest approaches involve sensors placed around the eyes to detect eye movement

patterns such as fixation, saccades, and smooth pursuit (Young et al., 1975; Mowrer et al.,

1935; Schott, 1922). However, these methods are often intrusive. With advancements in

computer vision, more convenient non-intrusive methods have emerged. The devices used in

gaze estimation have evolved from skin electrodes and infrared (IR) cameras to web cameras,

which are more accessible in everyday life. These methods typically fall into three categories:

model-based, feature-based, and appearance-based approaches (Cheng et al., 2021). Model-

based approaches geometrically model the common physical structures of the human eye to

compute a 3D gaze direction vector. Feature-based methods usually regress a gaze direction

14



Literature Review

or gaze point with the detected geometric features like pupil center. Appearance-based

approaches directly regress gaze directions from the whole gaze or face appearance.

In this section, I will introduce model-based, feature-point-based, and appearance-based gaze

estimation methods, highlighting the existing challenges that gaze-controllable face generation

can help address.

2.2.1 Model-Based Approaches

The parameters used to reconstruct a geometric model of the eye can be categorized into

extrinsic, fixed eye intrinsic, and variable parameters (Beymer et al., 2003). Extrinsic

parameters include the 3D eye position (center of the eyeball) and the optical axis. Fixed

eye intrinsic parameters encompass corneal radii, the angles between the visual and optical

axes, refraction parameters, iris radius, and the distance between the pupil center and the

cornea center. Variable parameters, which modify the shape of the eye model, include the

pupil radius. These parameters are often estimated using infrared (IR) cameras and light

sources to capture corneal glints (Guestrin et al., 2006; Zhu et al., 2007). By analyzing the

positions of the detected glints along with the positions of the cameras and light sources, the

eye’s intrinsic parameters can be estimated. Typically, this approach involves constructing a

subject-specific geometric eye model that can fit the detected geometric features, such as

infrared corneal reflections, pupil centers (Valenti et al., 2011), and iris contours (Alberto

Funes Mora et al., 2014). The advantage of the model-based method lies in its accuracy

and stability across di"erent domains, as it relies on specialized equipment to extract precise

geometric features from the human eye and model the relationships between di"erent eye

components. This allows for high precision in gaze estimation. However, there are some

notable disadvantages. First, this method requires specialized equipment, such as IR cameras

and light sources. While less intrusive than sensor-based methods, it still necessitates a

controlled setup with specific hardware. Second, because human eye structures vary (e.g.,
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corneal curvature, angular o"set between visual and optical axes), personal calibration must

be performed for each individual, which can be complex and time-consuming.

2.2.2 Feature-Based Appoaches

Feature-based methods regress 2D eye features to human gaze by learning a mapping function

which can be the polynomials (Morimoto et al., 2005; Stampe, 1993), and the neural networks

(Ji et al., 2002). Hansen et al. (2002) combine a fast mean-shift color tracker for eye tracking

with a specialized model to locate eye features, which are then mapped to gaze directions

using Gaussian processes. To improve the reliability of eye trackers under varying gaze

directions and head poses, researchers have also explored using additional features extracted

from key facial points. For instance, Skodras et al. (2015) enhance the accuracy of gaze

estimation along the vertical direction by incorporating features that provide information

about eyelid positioning. However, it remains unclear which eye features are most relevant

and should be prioritized. While geometric features can aid in gaze direction estimation,

humans rely on the overall appearance of the eye region to infer gaze. Changes in gaze are

not only reflected in eyeball rotation but also in the deformation of facial features. As a

result, appearance-based information plays a critical role in gaze estimation. This has led to

the development of appearance-based approaches to improve gaze estimation accuracy.

2.2.3 Appearance-Based Approaches

Appearance-based methods for gaze estimation do not explicitly extract geometric features

but instead directly use the image content to estimate gaze. These methods typically take

image features, such as pixel values (Lu et al., 2014) or deep features (Zhang et al., 2015a), as

input to a regression model. Various regression models have been proposed for this purpose,

including neural networks (Baluja et al., 1994), Gaussian process regression models (Williams

et al., 2006), and adaptive linear regression models (Lu et al., 2014). Since appearance-based
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methods do not require geometric features, they can work with images captured from standard

web cameras, making them more accessible in everyday settings.

The general workflow of appearance-based methods involves four steps: 1) Collecting training

samples with accurate gaze labels, which typically requires special equipment and a significant

amount of time; 2) Extracting gaze-related features from raw image data using an e"ective

feature extractor; 3) Learning the mapping function from appearance to gaze direction;

4) Fine-tuning the regression model using samples from specific domains or individuals to

improve accuracy.

Earlier appearance-based methods often employed artificial features, such as histograms

of oriented gradients (HOG) (Martinez et al., 2012), combined with traditional regression

techniques. However, more recent approaches leverage deep learning models to automatically

extract relevant features from raw images, improving performance and reducing the need for

manual feature engineering.

In recent years, deep learning methods have become dominant in the field of gaze estimation.

Unlike conventional appearance-based methods, deep learning approaches typically use deep

features, which are automatically extracted through convolutional neural networks (CNNs),

as input to a regression model (usually a neural network) for gaze estimation.

Zhang et al. (2015a) propose a method that concatenates head pose information with eye

features extracted from eye images to estimate the gaze vector in the camera coordinate

system. A significant contribution of this work is the collection of the MPIIGaze dataset,

one of the most widely used datasets in gaze estimation, which was made publicly available.

In 2017, Zhang et al. (2017d) further improve the model by replacing the LeNet network

with VGG16, resulting in a significant increase in model accuracy. This transition to deeper

architectures allowed the model to learn more complex features from the images, improving

its ability to estimate gaze more accurately across di"erent conditions.
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Both of the works mentioned above only use images of a single eye as input to the model.

However, Cheng et al. (2018) argue that incorporating gaze information from both eyes can

improve gaze estimation accuracy. They propose a method that takes images of both eyes

as input and adjusts the weights of the loss functions according to the quality of each eye’s

image. Specifically, the eye with higher image quality is assigned a larger weight. Moreover,

not all information from eye images is equally useful for gaze estimation. Park et al. (2018a)

address this by simplifying the gaze representation to focus only on the locations of the

eyeball and iris, which they call the “gazemap.” In their model, they first extract the gazemap

from a single eye image using a stacked hourglass network. Then, they estimate the gaze

vector using a regression network. This simplified representation helps the model focus on

the most informative features for gaze estimation, improving both e!ciency and accuracy.

The methods mentioned above require eye images as input, but they typically rely on separate

models to locate the eyes and estimate head poses. This adds complexity and reduces the

convenience of the system. It would be more e!cient if a model could directly estimate gaze

from a full-face image, enabling end-to-end training. However, this is challenging because

the eyes are relatively small compared to the full face, making it di!cult for the model to

focus on the relevant features. Zhang et al. (2017b) address this challenge by incorporating

an attention mechanism into their model. Their approach learns an average weight map,

which increases the emphasis on the eye region. By combining the image features with this

weight map, the model can e"ectively focus on the eyes and estimate the gaze vector more

accurately. This method helps overcome the di!culty of distinguishing the small eye region

within the larger context of the face, improving gaze estimation from full-face images.

In addition to estimating gaze from static images, several works have been proposed to

incorporate temporal information to enhance gaze estimation. Gaze continuity across video

frames is a key insight, as the gaze direction in a given frame is often closely related to

the gaze in preceding and subsequent frames. This continuity provides valuable context
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that can improve the accuracy of gaze estimation. For example, Kellnhofer et al. (2019a)

propose using several bidirectional LSTM models to integrate information from multiple

frames. Each LSTM model processes one frame and outputs gaze information, with the

bidirectional nature allowing for the utilization of both past and future frames. Similarly,

Zhou et al. (2019) use LSTM-based networks to develop a 3D gaze estimator that benefits

from temporal dependencies. Other approaches, such as Wang et al. (2019), have also

explored the use of optical flow to capture movement between frames and improve gaze

estimation performance. These methods leverage temporal dynamics to provide more robust

and accurate gaze predictions by considering the broader context of gaze behavior over time.

2.2.4 Challenges

Despite the availability of several models for gaze estimation, their performance still falls short

of meeting the demands of everyday use. This can be attributed to three main challenges:

dataset collection, personalization, and generalization.

Dataset Collection. Accurate gaze labeling is a significant challenge in gaze estimation.

Unlike other tasks, gaze labels are invisible, which makes them hard to obtain. As a result,

additional equipment and complex procedures are often needed to accurately label gaze data,

which makes data collection both time-consuming and costly. For example, in (Funes Mora

et al., 2014b), participants were instructed to focus on a ping pong ball while a depth camera

recorded the process. After data collection, algorithms or manual methods were employed to

label the eye center and ping-pong ball positions in the RGB video. These positions were

then mapped to the 3D point captured by the depth camera, allowing the calculation of gaze

direction by subtracting the two 3D positions. In (Zhang et al., 2015a), gaze was estimated

by transforming the eye position (obtained using a 3D six-key point model) and gaze target

into camera coordinates, after which the gaze direction was calculated using public camera

parameters. There are also synthetic-based methods (Wood et al., 2015a; Wood et al., 2016b;
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Wang et al., 2018; Shrivastava et al., 2017b) designed to overcome the challenge of gaze

labeling. However, the realism of synthetic images is limited, which can introduce a large bias

when training neural networks, making synthetic-based methods less e"ective for real-world

applications.

Additionally, existing gaze estimation datasets often lack su!cient data continuity, limiting

their ability to cover a wide range of head poses and gaze angles. Many datasets also fail to

account for the diversity in eye shapes and gaze patterns across di"erent age groups, genders,

and races, as well as the e"ects of changing environmental factors such as lighting. As a

result, models trained on these datasets often perform well only within the narrow scope of

those datasets, but struggle to generalize to new users or di"erent conditions.

Gaze-controllable face generation o"ers an alternative approach to gaze data collection. It

allows for the generation of numerous labeled gaze images, eliminating the need for expensive

data collection systems and complex calibration (Zheng et al., 2020; He et al., 2019). Moreover,

it enables the creation of gaze data across a large and continuous range by interpolating

in the latent space, as opposed to the discrete sampling used in traditional methods. This

approach also provides greater flexibility in enriching datasets by incorporating additional

controls over factors such as identity, illumination, and background.

Personalization. There are variations in eye structures across individuals, which lead to

personalization issues. As mentioned in Section 2.1.1, the true gaze direction di"ers from the

optical axis, with a small angular o"set between them. These o"sets vary from person to

person and are not visible in images, making it impossible to infer this information directly

from visual data. This discrepancy results in errors when attempting to estimate the gaze of

di"erent individuals.

Researchers have proposed various methods to address this issue. Liu et al. (2019) use

a di"erential approach to learn gaze variations from images of the same person. Other
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approaches model person-specific parameters using random e"ects, where fixed e"ects, shared

across individuals, may still introduce errors (Lindén et al., 2019; Xiong et al., 2019).

Additionally, some studies fine-tune a generic gaze estimator using multiple images from the

same person to improve personalization (Yu et al., 2019b; Park et al., 2019b).

In practice, the personalization problem arises due to the scarcity of gaze data for individual

users. This challenge can be addressed by constructing a personalized generative model to

generate gaze images specifically for fine-tuning, which is also the focus of gaze-controllable

face generation (Yu et al., 2019b; Wang et al., 2023b).

Generalization. Generalization is crucial for the widespread adoption of gaze estimation.

Most existing models are trained on specific datasets and only perform well within those

datasets. The key to improving generalization in gaze estimation is learning a robust gaze

representation that disentangles gaze from other variations. Gaze-controllable face generation

shares this goal, making the knowledge learned from these models transferable to gaze

estimation tasks. For instance, Park et al. (2019a) propose a Disentangling Transforming

Encoder-Decoder (DT-ED) to learn a robust gaze extractor by separating gaze from other

variations. Additionally, Yu et al. (2020) introduce an unsupervised framework that learns a

gaze representation via a gaze redirection module. Both approaches enable rapid adaptation

for gaze estimation with a limited number of gaze images.

2.3 Gaze-Controllable Face Generation

In this section, I present the literature review on gaze controllable face generation by discussing

on traditional approaches which are not learning-based as well as 2D and 3D learning-based

approaches.
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2.3.1 Traditional Approaches

Eye Replacement. Replacing eye images directly is straightforward and feasible to realize

gaze control. To ensure a natural fusion, the eye image used for replacement should come

from the same individual. Wolf et al. (2010) propose a gaze-replacement system which detects

the eye region and replaces it with the eye image under a di"erent gaze direction. The

developed system is for correcting gaze directions in a videoconferencing setting. Specifically,

the system contains three stages: 1) First, an approximate eye pose estimation is learned

from a dataset of annotated images o#ine. 2) In the second stage, the user is prompted

to look directly at the camera at the start of the video conferencing session. This enables

the system to create a dataset of images capturing the user’s direct gaze. 3) Finally, during

runtime, the system continuously tracks the eye’s position in the current frame, identifies

the most similar image from the database by extracting SIFT (Lowe, 2004) features, and

replaces it. Qin et al. (2015) further propose a zone of correction to formulate the range of

head poses and eye openness when the gaze correction should be applied. Shu et al. (2016)

use a 3D morphable model to warp the reference image first to align with the target image

regarding poses and expressions. Then they use a newly designed Background-Foreground

Guided Poisson (BFGP) compositing to blend the eye patch and other facial features in a

more robust way. Even though the replaced eye image patch is realistic, replacement methods

do not consider the movements of the eyelid in fusion which may cause unnatural artifacts in

the synthesized image. Besides, this method requires pre-recording a large number of diverse

images with the direct gaze and its performance will significantly degrade if the pre-prepared

data is insu!cient. In short, eye replacement is selecting the best choice from limited data

while my work focuses on exploring continuous latent space of gaze, therefore not su"ering

from the above limitations.

3D Eye Morphable Model. A 3D Morphable Model (3DMM) is a statistical model used

to represent and generate 3D shapes and textures, primarily for faces or other objects. It
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is constructed by analyzing a set of 3D scans or samples using dimensionality reduction

techniques such as Principal Component Analysis (PCA). The resulting model allows the

generation of new 3D instances by varying a small set of parameters, enabling flexible and

compact representation of complex 3D data. Researchers have also made numerous attempts

to model the eyeballs using 3DMM models and control gaze with related parameters. Banf

et al. (2009) introduce a model for example-based, photorealistic rendering of eye movements

in 3D facial animation. Utilizing 3D scans of a face in various gaze directions, the model

accurately captures the motion of the eyeball along with the corresponding deformations of

the eyelids and surrounding skin. To avoid the artifacts caused by the gap and the sharp

transition between face and eyeball, the visible portion of the eyeball is integrated into a

continuous face mesh, with iris displacements and lid occlusions represented using a texture

mapping technique. However, a unified mesh does not perform well under large gaze directions

and the model represents eyelashes as one part of the texture which makes the model appear

correct only in near-frontal poses and gaze directions. To solve the problems, Wood et al.

(2016a) propose a multi-part eye model and build separate eyeball models. This design

allows controlling eyeball rotation separately. They also use a carefully designed generic eye

region topology (Wood et al., 2016c) and project eyelid vertices onto the eyeball mesh to

avoid the unnatural transition between face region and eyeball. Their model is adopted by

a well-known 3D face morphable model FLAME (Li et al., 2017) to control gaze in whole

faces. Please note that both above models are able to animate eyelids when changing gaze

directions. Even though 3D eye morphable models can control gaze through image fitting and

parameter interpolation, there still is a big gap in realism between the synthesized images

and real images. Based on the work from Wood et al. (2016a), Wood et al. (2018) propose

to get an optical flow field from the fitted model and the redirected model. The flow field

is used to warp the eyelid in the origin image to the target shape. This method enhances

the realism of the facial part while the eyeballs are still synthesized by the morphable model.

Therefore the realism issue still remains. In addition, building a 3D eye morphable model
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requires a great number of high-accuracy 3D scans which are expensive. My work focuses on

realizing gaze-controllable face generation with only 2D images and keeping realism the same

as real images.

2.3.2 2D Learning-Based Approaches

Warping-Based Methods. Warping-based methods refer to the models that utilize

geometric transformations to modify input data (e.g., images, features) by mapping it from

a source space to a target space. The models rely on a warping function that governs the

transformation. Since gaze changing involves not only rigid eyeball rotation but also complex

non-rigid motion of eye muscles and eyelids, obtaining the warping function is non-trivial.

Learning-based methods are usually used to complete complex tasks by learning from data.

Therefore, such a method is a good choice for getting the warping function. Kononenko et al.

(2015) propose to learn eye flow vectors which are the o"sets of pixel positions between input

images and gaze-redirected images with an ensemble of randomized decision trees. However,

the proposed model is limited to training for a specific gaze redirection angle, lacking the

capability to continuously adjust gaze within a defined range. To address this problem, Ganin

et al. (2016) propose Deepwarp which predicts a warping field in a coarse-to-fine manner

by taking an eye image, feature points as well as a correction angle as inputs. Deepwarp

allows redirecting gaze continuously in a certain range by specifying di"erent input correction

angles and further improves the performance by introducing a lightness correction module.

Unfortunately, both of the models above require extensive annotated data for training. Yu

et al. (2019a) propose to train an image-warping neural network with synthesized data.

They further introduce a cycle consistency loss and a gaze redirection loss from a generic

gaze estimator trained with real data to bridge the domain gap between synthetic data and

real data. This method is further refined by Yu et al. (2020) with an unsupervised gaze

representation learning network.
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Generator-Based Methods. Even though warping-based methods can realize gaze control,

such methods are unable to handle scenarios where part of the eye is occluded, as they rely

solely on replacing pixels with existing ones from the original image without generating new

pixels. With the rapid progress in deep generative models, advanced tools leveraging these

technologies have become widely adopted for gaze redirection tasks. He et al. (2019) propose

to generate gaze-redirected images with a conditional generative adversarial network (GAN)

(Goodfellow et al., 2020) architecture. They incorporate perceptual and cycle consistency

losses to enhance the generated image quality. Park et al. (2019a) presents an encoder-decoder

framework that transforms eye images into latent vectors, which are subsequently modified

using rotation matrices to generate synthetic images with redirected gaze. Building on

the approach introduced by Park et al. (2019a), Zheng et al. (2020) propose an innovative

self-transforming encoder-decoder architecture (ST-ED) that e"ectively disentangles and

controls both explicit and extraneous factors. This architecture enables ST-ED to perform

both head and gaze redirection in full-face images, delivering precise and highly accurate

results. ReDirTrans (Jin et al., 2023) builds upon ST-ED by introducing a method to project

modified embeddings back into the original latent space. This approach facilitates attribute

replacement with minimal interference in other features while maintaining the integrity of the

latent distribution. Combining with a predefined feature space provided by StyleGAN (Karras

et al., 2020), ReDirTrans is able to generate high-quality full-face images with 1024x1024

resolution.

2.3.3 3D Learning-Based Approaches

Although e"ective, 2D-based methods frequently face challenges in maintaining 3D consis-

tency due to the absence of an explicit 3D facial representation. As a result, researchers

continue to explore ways to incorporate 3D facial representations into gaze-controllable face

generation to enhance realism and consistency. In the last few years, Neural Radiance
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Fields (NeRF), a neural network-based method for representing 3D scenes as continuous

volumetric representations in an implicit manner, have shown great capability in high-fidelity

3D reconstruction and animation.

Li et al. (2022a) introduce EyeNeRF, a method that integrates explicit surface modeling of

the eyeball with implicit volumetric representations of the surrounding eye structures. To

be specific, they employ a lightweight capture setup consisting of a few static cameras and

lights, complemented by a single handheld camera with a co-located light source. The eyeball

surface is represented as an explicit mesh, while the canonical shape of the periocular skin

region and the interior eye volume is modeled using an implicit volumetric representation. It

employs ray tracing to compute reflection and refraction rays by determining their intersection

points with the explicit eyeball surface. These rays are subsequently utilized for ray marching

through the implicit volumetric representation. Surrounding skin and hair deformations are

modeled using a learned warp field applied to the canonical volume. To enable relightability,

they represent the underlying reflectance using spherical harmonics coe!cients, allowing

the outgoing radiance to be computed as the product of reflectance and environmental

illumination in the 3D frequency domain. They jointly optimize the eyeball mesh’s shape

and pose, along with the density and reflectance within the implicit volume. This process is

guided by minimizing the photometric loss between the modeled outgoing radiance and the

pixel values in the captured video. This approach allows for high-fidelity gaze redirection

with photorealistic results, achieved using a minimal setup of lights and cameras. However,

EyeNeRF su"ers from prolonged training and evaluation times, requiring 4 days on 8 NVIDIA

V100 GPUs for training and approximately 30 seconds to process a single 800x800 resolution

image during evaluation.

GazeNeRF (Ruzzi et al., 2023) introduces a two-stream multilayer perceptron (MLP)

architecture to separately represent the face and eye regions using neural radiance fields.

Specifically, they utilize the two-stream MLP structure to independently predict feature maps
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for the eyeballs (eyes) and the rest of the face region (face-only). The features corresponding

to the eyes are transformed using a desired 3D rotation matrix before compositing the eye and

face regions through di"erentiable volume rendering. By explicitly separating the eyeballs,

GazeNeRF applies rigid rotations to the 3D features, which they demonstrate as advantageous

for improving gaze redirection accuracy. To enable e"ective training, they propose a feature

composition mechanism after the two-stream MLPs, along with additional training losses

specifically designed to enhance gaze redirection performance.

Although these methods exhibit strong 3D consistency, they often rely on complex and

resource-intensive models, which constrain their feasibility for real-time applications. EyeN-

eRF (Li et al., 2022a) is a personalized model that aims to model the eye region with high

fidelity under varying lighting conditions while controlling gaze. It requires retraining for

each subject on multiview data and takes around 4 days to train on 8 NVIDIA V100 GPUs

for a new subject. It takes around 30 seconds to generate a single image with a resolution of

800x800 only taking rendering process into account. On the other hand, GazeNeRF (Ruzzi

et al., 2023) is a generalized model that aims to realize gaze-controllable face generation

for any subject with only a single image. Once trained, it only requires a fitting process

to generate a new subject’s model, which takes around 1 minute on a single NVIDIA 3090

GPU. The rendering process takes around 0.06 seconds for a 512x512 image with an e!cient

render module. EyeNeRF excels in photorealism when trained on multiview data, whereas

GazeNeRF is more e!cient in training/fitting and rendering times for gaze-controllable face

generation on new subjects. However, neither method is suitable for real-time applications

due to the extensive time required for training/fitting and rendering. My work seeks to

achieve real-time performance regarding gaze-controllable face generation on new subjects

from a single image while preserving high image quality.
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2.3.4 Modern Generation Models

In this section, I will discuss some advanced generation models which can be used for gaze-

controllable face generation. These techniques are based on recent advances in deep learning

and computer vision and have been shown to produce high-quality generation results.

Neural Radiance Fields (NeRF) (Mildenhall et al., 2021) is a method for synthesizing

novel views of complex scenes. NeRF represents a 3D scene as a continuous 5D function that

maps 3D coordinates and viewing directions to radiance. The function is trained using a

large set of posed images of the scene. NeRF can render novel views of the scene by querying

the function at di"erent 3D coordinates and viewing directions. NeRF has been shown to

produce high-quality novel views of complex scenes, but it is computationally expensive and

requires a large amount of training data. NeRF has been applied to gaze-controllable face

generation because of its good 3D consistency and high-quality rendering (Li et al., 2022a;

Ruzzi et al., 2023). As mentioned in Section 2.3.3, even though these methods have shown

promising results, they are computationally expensive and require an extensive test-time

optimization process to generate gaze-controllable faces.

3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) is a novel 3D scene representation

and rendering technique that e!ciently models complex scenes by representing them as a set

of oriented, anisotropic Gaussian functions (“splats”). Unlike traditional methods, such as

NeRF, which rely on dense volumetric sampling, Gaussian Splatting leverages lightweight,

di"erentiable Gaussians that adapt their position, size, orientation, and color parameters

during training. This results in rapid, high-quality novel view synthesis, achieving real-time

rendering performance even for detailed, photorealistic scenes. Its compact representation

significantly reduces computational costs while maintaining high visual fidelity, making it

suitable for applications in virtual reality, augmented reality, and real-time interactive graphics.

Wei et al. (2024) proposed GazeGaussian, a novel gaze-controllable face generation method
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that leverages Gaussian Splatting to synthesize high-quality, gaze-controllable face images.

Same to GazeNeRF, they employ a dual-stream 3DGS model to distinctly represent facial and

ocular areas. Utilizing the unstructured characteristics of 3DGS, they create an innovative

eye representation for achieving rigid eye rotation aligned with the desired gaze direction.

To improve the synthesis generalization across di"erent individuals, they incorporate an

expression-conditional module to guide the neural renderer. However, GazeGaussian still

requires a fitting process (around 30 seconds) to generate gaze-controllable faces, which is

not ideal for real-time applications.

Di!usion Models are a powerful class of generative models designed to create high-quality

data such as images (Rombach et al., 2022; Du et al., 2023; Zhang et al., 2023), videos

(Ho et al., 2022; Blattmann et al., 2023; Ceylan et al., 2023), or audio (Kong et al., 2020;

Huang et al., 2023; Schneider, 2023) by iteratively refining random noise into structured

outputs. Inspired by thermodynamic di"usion processes, these models first learn to gradually

introduce noise into data (forward di"usion), and then reverse this process (reverse di"usion)

to reconstruct realistic and diverse samples. Notable for their exceptional image synthesis

capabilities, di"usion models, such as Stable Di"usion (Rombach et al., 2022) and Denoising

Di"usion Probabilistic Models (DDPM) (Ho et al., 2020), have outperformed previous

generative techniques like GANs (Goodfellow et al., 2020) in terms of stability, diversity, and

photorealism. Widely adopted in generative art, image editing, and content creation, di"usion

models have significantly reshaped the landscape of deep generative modeling. Di"usion

models also can be extended to 3D data generation by incorporating 3D spatial information

into the di"usion process (Liu et al., 2023; Liu et al., 2024). However, these methods do not

perform well in generating 3D-consistent results with pure di"usion models, which is crucial

for gaze-controllable face generation.

Large Language Models (LLMs) are advanced artificial intelligence systems built upon

deep neural networks, primarily Transformers (Vaswani et al., 2017), trained on extensive
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text datasets. These models can understand, generate, and reason about natural language

at unprecedented levels of complexity and coherence. Popular examples include OpenAI’s

GPT series (Achiam et al., 2023), Google’s Gemini (Team et al., 2023), and Meta’s LLaMA

(Grattafiori et al., 2024). Due to their ability to perform tasks such as text generation,

question answering, summarization, and language translation, LLMs have transformed various

applications, ranging from conversational AI assistants to code generation and creative writing.

Their remarkable capacity to generalize and adapt to diverse tasks has positioned LLMs at

the forefront of artificial intelligence research and innovation. Recently, LLMs have been

used for text data generation because of their ability to generate high-quality and diverse

text data (Tang et al., 2023; Meng et al., 2022b). In the context of gaze-controllable face

generation, controlling the generation process using natural language instructions can be much

more convenient and intuitive for users compared to other methods redirecting gaze with

numerical values. However, current gaze-related datasets do not have textual descriptions

of gaze directions. Generating high-quality and diverse gaze-related textual descriptions

and building a language-guided gaze-controllable face generation system can be a promising

research direction.

2.4 Datasets

Datasets for gaze-controllable face generation should include facial image data with diverse

gaze directions. Explicit gaze labels are not essential, as gaze can be guided through other

modalities, such as text descriptions or sketches. Furthermore, datasets with a wide range of

identities and high-resolution images are particularly advantageous.

In this section, I first briefly introduce gaze datasets which are originally for gaze estimation,

and then describe the datasets I choose to use in my work as well as the reason I choose

them.
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2.4.1 Gaze Datasets

Zhang et al. (2015b) introduced the MPIIGaze dataset, widely used for appearance-based

gaze estimation. It contains 213,659 images from 15 subjects collected over several months,

with no constraints on head pose. The dataset includes both 2D and 3D gaze annotations and

a standard evaluation set with 3,000 images per subject (1,500 left-eye and 1,500 right-eye).

The dataset was further extended in (Zhang et al., 2019; Zhang et al., 2017c), providing

additional face images and manual landmark annotations.

The EyeDiap (Funes Mora et al., 2014a) dataset includes 94 video clips from 16 participants in

a laboratory setting, featuring three visual target sessions: continuous moving targets, discrete

moving targets, and a floating ball. Each subject participated in six sessions, with static and

free head movements. Data was captured using an RGBD and an HD camera. However, the

dataset lacks illumination variation, limiting its use in dynamic lighting conditions.

The GazeCapture dataset (Krafka et al., 2016), collected via crowdsourcing, contains 2,445,504

images from 1,474 participants using mobile phones or tablets. Participants were asked to

gaze at a circle on the device, with no restrictions on head movement, resulting in a diverse

dataset that includes varying lighting conditions and head motions.

Fischer et al. (2018) introduce the RT-Gene dataset, which collects gaze data using a dedicated

eye-tracking device, and later removes the device from the images through post-processing.

Kellnhofer et al. (2019b) propose the Gaze360 dataset, consisting of 238 subjects in both

indoor and outdoor environments, capturing 3D gaze across a wide range of head poses

and distances. Zhang et al. (2020) present the ETH-XGaze dataset, o"ering high-resolution

images that cover extreme head poses and include 16 di"erent illumination conditions to

explore the e"ects of lighting variations.
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Figure 2.3: Data collection setup and examples of ETH-XGaze (Zhang et al., 2020).

2.4.2 Dataset Selection

ETH-XGaze Dataset. ETH-XGaze (Zhang et al., 2020) is a comprehensive, large-scale

gaze dataset consisting of high-resolution images that exhibit extreme variations in head pose

and gaze direction. The dataset was captured using a multi-view camera system under diverse

lighting conditions. It includes 756k frames of 80 subjects in the training set, with each frame

comprising 18 images taken from di"erent camera angles. Additionally, a person-specific

test set features 15 subjects, each contributing 200 images accompanied by ground truth

gaze labels. The dataset thoroughly samples a wide range of variations in head poses, up to

the maximum where both eyes remain visible (±70° from directly facing the camera), and

encompasses a comprehensive set of gaze directions (±50° in the head coordinate system).

Data was collected from 110 participants of diverse ethnicity, age, and gender—some wearing

glasses and some without—ensuring a rich and varied dataset.

Each participant provided over 500 gaze directions under full-on illumination, along with

an additional 90 samples collected under 15 di"erent lighting conditions. The setup used

18 Canon 250D digital SLR cameras positioned at di"erent viewpoints to capture a broad
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spectrum of head poses. Four Walimex Daylight 250 light boxes surrounded a large screen

(120 × 100 cm), which displayed stimuli controlled by a Raspberry Pi and projected by a

projector. Participants were seated approximately one meter from the screen, with their

heads stabilized using a headrest to minimize unintentional motion. During data collection,

participants focused on a shrinking circle on the screen and clicked a mouse when the circle

turned into a dot, indicating the gaze point. Gaze points were randomly distributed across

the screen to ensure comprehensive coverage. For most of the data collection, all four light

boxes were fully illuminated to maximize brightness. To simulate diverse lighting conditions,

the dataset also included data captured with various combinations of the light boxes switched

on and o", simulating 15 di"erent illumination conditions.

I choose to use the ETH-XGaze dataset as it covers a wide range of head poses as well as

gaze directions and contains high-resolution multi-view images. I show its data collection

setup and some examples in Fig. 2.3. I do not use the pre-processed versions of ETH-XGaze

since they only preserve partial face regions in a low resolution. In my work, I process the

raw images from ETH-XGaze to get full-face images in a higher resolution.

FFHQ Dataset. The dataset (Karras et al., 2019) contains 70k high-quality PNG images at

a resolution of 1024×1024 pixels, featuring significant variation in age, ethnicity, and image

backgrounds. It also includes a diverse range of accessories, such as eyeglasses, sunglasses,

and hats. The images were sourced from Flickr and were automatically aligned and cropped.

I choose the FFHQ dataset because it covers a large number of subject identities which is

beneficial to the diversity of generation. I show some examples of the FFHQ dataset in Fig.

2.4 Even though it does not cover a wide range of head poses and gaze directions as the

ETH-XGaze dataset, the FFHQ dataset still presents various poses of head and gaze which

are enough to learn a gaze-controllable face generation model.
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Figure 2.4: Examples of FFHQ dataset (Karras et al., 2019).

2.5 Conclusion

In this chapter, I discuss gaze-controllable face generation, providing an overview of the

evolution of this task. I review existing methodologies, including both non-learning-based

and learning-based approaches, highlighting their limitations and identifying the specific

challenges addressed in my work. Lastly, I introduce two benchmark datasets utilized in this

dissertation for evaluation, detailing their features and relevance to this research.
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Chapter Three

High-Fidelity Gaze-Controllable 3D Face

Generation with Multi-View Images

This chapter presents work that has been published at the 34th British Machine Vision

Conference 2023 in Aberdeen, UK (Wang et al., 2023b).

Face rendering is an important task in computer vision and computer graphics. Conventional

methods fit a parametric face model based on a face template mesh (Li et al., 2017; Feng

et al., 2021). Generative adversarial networks (GAN) directly render photo-realistic images

with deep neural networks (Goodfellow et al., 2020; Antipov et al., 2017; Gauthier, 2014).

Recent research has incorporated the Neural Radiance Fields (NeRF) (Mildenhall et al.,

2021) for face rendering. NeRF models encode 3D geometry and exhibit great multi-view

consistency that enables face rendering under novel viewpoints. Additionally, various previous

works explore parametric face NeRF models (Hong et al., 2022), which enable the control of

facial attributes in rendered images such as identity and expression.

While most face NeRF models focus on facial semantic attributes, they tend to overlook the

importance of controllable eye movement in face rendering. Eye movement can enhance image

realism and is critical for multiple downstream tasks. However, the eyeball is located inside
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Input: Multi-View Images
with FLAME Model 

Dynamic Eye-aware
Neural Radiance Field

Output: High-Fidelity Face 
Rendering with Novel Eye Pose 

Applications: Improve Gaze 
Estimation Performance

Data 
Augmentation

Gaze 
Estimator

Gaze 
Pseudo-labels

Figure 3.1: Pipeline of DeNeRF and its application. The Dynamic Eye-aware Neural

Radiance Field (DeNeRF) is designed to render high-fidelity faces with animatable eyes

using a set of multi-view images. It enables face rending under novel view and eye pose. By

leveraging DeNeRF, we are able to obtain pseudo gaze labels from the model, which can be

utilized to enhance gaze estimation methods.

the face and incompletely visible in face images. It is di!cult to determine the precise 3D

eyeball rotation and position based on only face images. Furthermore, the eyeball rotation is

related to geometric architecture, which means the model should be rotation-aware. Eyeball

rotation also leads to non-rigid deformation such as the periocular deformation. Previous

methods perform the rotation in feature space with gaze directions (Ruzzi et al., 2023; Zheng

et al., 2020). However, it is also non-trivial to obtain accurate gaze directions from images

and such approaches often result in low-quality rendered images.

In this chapter, I propose a novel approach called Dynamic Eye-aware NeRF (DeNeRF).

DeNeRF learns a dynamic face NeRF model from multi-view images, enabling face rendering

with unseen eyeball and head poses. I address two challenges in eye-aware NeRF learning:

e!ectively capturing eyeball rotation and constructing a suitable manifold for representing

such rotation. To capture eyeball rotation, I begin by fitting a well-established parametric

face model, FLAME (Li et al., 2017), to the multi-view face images. FLAME is originally

designed for face tracking from a single face image, and I modify the fitting process to account

for consistency across multi-view images. This allows us to obtain parameters such as eyeball
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and head pose, which I then use for DeNeRF learning.

I further define a unified canonical space in DeNeRF. Given a pixel in the observed images, I

sample 3D positions based on view directions in the observation space. I transform the 3D

positions from the observation space into the canonical space with given poses. I design an eye

deformation field for the transformation, including rigid transformation ( e.g., eyeball rotation

and head rotation) and non-rigid transformation. I input the 3D positions in the canonical

space into a NeRF model and render the pixel for alignment. To reduce the computational

costs, I adopt a patch-based sampling approach (Schwarz et al., 2020). I sample patches in

images for alignment in each iteration. To enforce realistic eye region, I generate an eye mask

for each image and enlarge the sampling ratio in the eye region.

Overall, our contributions are three-fold:

• I propose DeNeRF which learns a dynamic face NeRF model from multi-view images.

To capture the eyeball pose accurately, I design a new fitting process for the FLAME

model, ensuring consistency across multiple views.

• I define a unified canonical space to construct a rotation-aware manifold. I transform 3D

positions in the observation space into a canonical space based on an eye deformation

field, including both rigid and non-rigid transformations. The DeNeRF is learned in

the canonical space.

• DeNeRF enables high-fidelity face rendering under novel eyeball poses and head poses.

Extensive experiments prove the rendered images can e"ectively enhance the perfor-

mance of the downstream gaze estimation task.
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3.1 Related Work

3.1.1 Neural Radiance Field

NeRF (Mildenhall et al., 2021) proposed to learn implicit neural representations of a static

scene from multi-view images, showing high-quality novel view synthesis. It models the

continuous radiance field of a static scene by utilizing a mapping function that takes both

a 3D spatial point x and view direction d as input, and outputs the corresponding RGB

color c and volume density ε values. A standard NeRF is parameterized with a Multi-Layer

Perceptron (MLP) as

Hω : (ϑ(x), ϑ(d)) ↓ (c, ε), (3.1)

where ϖ represents the parameters of the network and ϑ refers to a positional encoding

function (Mildenhall et al., 2021; Vaswani et al., 2017) that transforms x and d into a

high-dimensional space. Di"erent from conventional generative models, NeRF is a 3D-aware

model and represents 3D object/scene via implicit neural representations. Novel views are

generated from the implicit neural representation with volume rendering. Further explorations

(Park et al., 2021; Pumarola et al., 2021; Gafni et al., 2021; Hong et al., 2022; Peng et al.,

2021; Freer et al., 2022) adapt NeRF to represent dynamic scenes. Hong et al. (2022) acquire

the latent codes of disentangled facial attributes from 3D morphable model. They control

the code to render images with di"erent poses and identities. Some methods also use NeRF

for talking face generation (Guo et al., 2021; Ye et al., 2023b; Du et al., 2023). They usually

overlook the controllable eye movement in face rendering.

3.1.2 Eye Image Synthesis

The precise manipulation of realistic eye imagery has proven essential across multiple domains

of application. Qin et al. (2022) reconstruct 3DMM face model from multi-view images. They

can rotate a virtual camera to synthesize images in di"erent camera poses but cannot rotate
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the eyeball. Wood et al. (2016c) build a virtual 3D morphable eye model with computer

graphic algorithms. They can synthesize eye images with arbitrary gaze directions (Wood

et al., 2016c; Wood et al., 2016a; Wood et al., 2015b). However, their synthetic images

are usually not realistic enough. Recently, generative model shows great potential in image

generation. Compared to 3D morphable model, generative model can generate more realistic

images. Some methods use generative model to generate realistic eye images (Shrivastava

et al., 2017a; He et al., 2019; Park et al., 2019a; Yu et al., 2019a). He et al. (2019) utilize

GAN for gaze redirection task. They can synthesize large-scale gaze data by performing gaze

redirection task on one eye image.

However, above generative models are not 3D-aware models and cannot maintain good 3D

consistency during generation. Ruzzi et al. (2023) use NeRF for gaze redirection tasks.

They train a NeRF model based on given gaze directions and perform rotation in feature

space, which results in low-quality rendered images. Li et al. (2022a) propose EyeNeRF, a

hybrid model that combines explicit surface modeling of the eyeball with implicit volumetric

representations of the surrounding eye structures for gaze-controllable face generation. They

employ a simple parametric model to represent eyeball in 3D space. However, their eyeball

model is not flexible enough to represent various eye shapes and sizes. In contrast, our

method combines a more flexible implicit neural representation for eyeball modeling and the

FLAME model for rotation awareness. Our model provides more flexibility in eye shape and

size representation while maintaining 3D rotation awareness.

3.2 Methodology

3.2.1 Multi-view Face Tracking

I first perform multi-view face tracking to acquire eyeball poses for training. I use the

well-known parametric face model FLAME (Li et al., 2017) for face tracking. FLAME model
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fits facial parameters (such as pose and expression) from a single face image. I modify the

fitting process for the multi-view images by projecting the fitted face model into multiple

views and adding consistency loss for all views.

In practice, I input multi-view images and corresponding camera poses to the face tracker. I

detect face landmarks, pupil centers, and face masks in each image (Bulat et al., 2017; Yu

et al., 2018), where face masks are used to remove the background in the images. I initialize

the textured FLAME face model with zero parameters and project the face model to all

views. I render face images and perform pixel-wise alignment in the face appearance. Note

that, face masks are used to ensure the alignment is performed in the face region. I can also

obtain face landmarks and pupil centers from the FLAME model. I align them with the

detected results for structure consistency. I use L1 loss for all alignments where I denote

them as face appearance loss Lappear, facial landmark loss Lface and pupil center loss Lpupil.

Overall, I optimize the multi-view face tracker by minimizing

Ltracking =

(
N∑

i=1

(
ϱLi

pupil + ςLi
face + ϑLi

appear

)
)
/N, (3.2)

where ϱ, ς, ϑ are hyper-parameters, and I empirically set them as 10, 5, and 30. N is the

number of views which is 13 in our experiment.

All three losses are mean absolute errors. The losses are defined as follows:

Lappear =

(
N∑

i=1

∣∣∣Ĉi ↔ Ci

∣∣∣

)
/N, (3.3)

where N is the number of multi-view images from one frame and N is 13 in our setting, Ci

is the colors of all pixels from true images in one frame. Ĉi is the colors of all pixels from

rendered images in the same frame.

Lface =

(
N∑

i=1

∣∣∣X̂i ↔Xi

∣∣∣

)
/N, (3.4)

where Xi ↗ R68→2 is the 2D positions of 68 facial landmarks of true faces from one frame,
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Figure 3.2: Overview of DeNeRF model. DeNeRF fits a set of multi-view images to a

face model including poses for the eyeballs, jaw, and neck. It defines a canonical space and

introduces an eye deformation field that can transform points from observation space into the

canonical space. This field is composed of both rigid and non-rigid transformation modules,

enabling it to handle the complexity of eye movement and deformation.

X̂i ↗ R68→2 is the 2D positions of 68 facial landmarks of rendered faces from the same frame.

Lpupil =

(
N∑

i=1

∣∣∣P̂i ↔ Pi

∣∣∣

)
/N, (3.5)

where Pi ↗ R2→2 is the two pupil center positions of true faces from one frame. P̂i ↗ R2→2 is

the two pupil center positions of rendered faces from the same frame.

After fitting the FLAME model, I obtain facial parameters as the outcome. For DeNeRF

Learning, I specifically choose four poses, namely two for the eyeballs, one for the jaw, and

one for the neck. These poses are denoted as pi = {Ri, ti}, where i ranges from 1 to 4.

Collectively, I refer to all four poses as p.

3.2.2 Dynamic Eye-aware Neural Radiance Field

The input of DeNeRF contains multi-view images and poses p as well as camera poses.

Conventional NeRF-based methods implicitly learn a static geometric model. Although they
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can render images under novel views, they cannot control the content in the 3D model.

Our key idea is to learn a unified face NeRF model in the canonical space. Given an eyeball

model and its pose, it is easy to rotate the eyeball from the observation space into the

canonical space, and I can learn a unified eyeball model in the canonical space. I perform

the similar operation in DeNeRF. I newly design an eye deformation field which can handle

both rigid and non-rigid transformations. The eye deformation field allows us to transform a

point from the observation space into the canonical space. I obtain the color and density of

the point in the canonical space based on Eq. (3.1) and learn a unified NeRF model in the

canonical space.

Eye Deformation Field. I aim to learn a deformation field which transforms a point xo

in the observation space into the canonical space. Intuitively, I would first rotate the 3D

point based on the head pose, and then rotate it based on the eyeball pose if this point

is in the eye region. Unfortunately, this approach is not feasible due to the absence of an

explicit mesh model. To address this issue, I propose a solution that involves applying various

transformations, including head rotation and eyeball rotation, and combining them using

learnable weights (Lewis et al., 2000):

Trigid (xo, p) =
4∑

i=1

w
i
o(xo) (Rixo + ti) . (3.6)

Note that I first convert all poses Ri, ti into a common coordinate system to facilitate the

summation of transformed results. Instead of directly estimating w
i
o, I learn w

i
c as described

in (Weng et al., 2022), from which w
i
o can be computed:

w
i
o(xo) =

w
i
c (Rixo + ti)∑4

k=1 w
k
c (Rkxo + tk)

. (3.7)

This process stabilizes the model and decreases the probability of collapse.

Trigid exclusively deals with rigid transformations. However, facial appearance involves non-

rigid transformations, such as periocular deformation. To address this, I introduce a non-rigid
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transformation field, denoted as TNR, which is implemented as an MLP. This MLP generates

an o"set !x to augment the output of Trigid. Additionally, I incorporate pose information p

as supplementary inputs to the MLP. Consequently, the complete eye deformation field can

be expressed as follows:

xc = x̂+ TNR(x̂,p), (3.8)

where x̂ = Trigid(xo,p) and xc represents the position in the canonical space. Finally, I input

the position xc into a vanilla NeRF to obtain the color and density as Eq. (3.1).

3.2.3 Training

I train DeNeRF to render 512↑ 512 pixels images. DeNeRF is trained with a photometric

reconstruction loss in an end-to-end manner. To handle the high computational costs, I adopt

a patch-based sampling approach (Schwarz et al., 2020). I randomly sample six patches with

size 32↑ 32 pixels from input images and 128 points for each ray. I use LPIPS loss (Zhang

et al., 2018) (LLPIPS ) and MSE loss (LMSE) for training as

LDeNeRF = LLPIPS (P, P̂) + φLMSE(P, P̂), (3.9)

where P is the image patch and P̂ is the ground truth. I set φ = 0.2 in the training.

Eye-mask Guided Sampling. To address the issue of the eye region being too small

compared to the rest of the face, I introduce an eye mask (Yu et al., 2018) to guide the ray

sampling in DeNeRF. Specifically, I assign a larger sampling ratio to the eye region than to

other facial parts, thus directing more attention to the eye region.

For training, I utilize the Adam optimizer with a learning rate of 5↑ 10↑4 and exponential

learning decay. The sample ratio is set to 0.8, while the eye region sample ratio is set to 0.5

during training. Each subject is trained for 400K epochs using four A100 GPUs.
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3.3 Experiments

3.3.1 Setup

Data Preparation. I select ETH-XGaze (Zhang et al., 2020) for experiments since the

dataset contains rich eye movement. ETH-XGaze is a large-scale gaze estimation dataset

collected from 110 subjects with 18 cameras. The dataset provides over one million high-

resolution images. I crop the face patch from raw images and resize it into 512 ↑ 512 for

training. Our model is trained based on a sequence of multi-view images. I select 9 frames

which roughly cover the gaze in nine di"erent directions for each subject. I remove the view

under extreme pose and each frame finally provides 13-view images, i.e., I use 9↑ 13 images

for training on one subject.

Evaluation Metrics. I conduct qualitative and quantitative comparison to demonstrate

image quality, where SSIM (Wang et al., 2004), PSNR, and LPIPS (Zhang et al., 2018)

are reported for quantitative comparison. I also show the advantage of our method in a

downstream task. I render images for data augmentation in gaze estimation task. I use

angular degree error for gaze estimation metric (Cheng et al., 2021; Wang et al., 2023a).

3.3.2 Face Rendering under Novel Pose and Gaze

I present the qualitative results for image generation under novel gazes and head poses in

Fig. 3.3. The image on the left showcases the rendered images under novel head poses. Our

DeNeRF model excels in generating high-fidelity face images while maintaining multi-view

consistency. The skin and eye textures are clearly visible with vivid details, and the hair

is accurately reconstructed. Surprisingly, the last two rows in the image demonstrate our

model’s remarkable generative ability in reconstructing subjects wearing glasses. It shows

that our DeNeRF can e"ectively organize the multi-view information from sparse views for

high-fidelity 3D face reconstruction. The image on the right showcases the eye animation
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InputRendering for Novel Head PoseInput Animation for Novel Gaze

Figure 3.3: Face rendering under novel gaze and novel head poses from DeNeRF. The

left images show the rendering under novel head pose. DeNeRF preserves great multi-view

consistency. We also use the DeNeRF to render images under novel gaze in the right image.

DeNeRF generates high-fidelity face images in a large range of head pose and gaze directions.

generated under novel gaze directions. The animation displays a natural and continuous

eye movement despite being trained only on nine sparse gaze directions. It demonstrates

that our model has successfully learned to accurately represent the rotation of the eyeball.

This is attributed to the precise eyeball pose achieved through multi-view face tracking using

FLAME, as well as the deformation strategy based on canonical space. They enable us to

integrate all information from multi-view images. Overall, the results clearly demonstrate

the e"ectiveness of our model in both face reconstruction and eye animation.

3.3.3 Comparison with Face Rendering Methods

I conduct a comprehensive comparison of our method with the SOTA methods in 2D and 3D

face rendering with eye animation, STED (Zheng et al., 2020) and GazeNeRF (Ruzzi et al.,

2023), and a NeRF-based face rendering approach called HeadNeRF (Hong et al., 2022),

which can be adapted for eye animation. STED proposes an encoder-decoder structure to

automate the disentanglement of gaze direction and head pose. GazeNeRF is a 3D-aware gaze

redirection model that takes multi-view images and gaze labels as input and allows control
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Table 3.1: The quantitative comparison between DeNeRF and other SOTA methods in terms

of rendered image quality.

Methods SSIM ↘ PSNR ↘ LPIPS ≃

STED (Zheng et al., 2020) 0.726 17.279 0.306

HeadNeRF (Hong et al., 2022) 0.718 15.262 0.300

GazeNeRF (Ruzzi et al., 2023) 0.728 15.322 0.297

Ours 0.732 19.144 0.265

over eye deformation via gaze input. HeadNeRF is a NeRF-based method for high-fidelity

facial imaging and can be extended to include gaze direction as additional input for eye

animation. Our comparison primarily focuses on the quality of rendered images, particularly

in the eye region.

Fig. 3.4 shows the qualitative comparison with the SOTA methods. All of the methods are

capable of face reconstruction. However, the faces generated by STED are blurry. Although

the results from HeadNeRF and GazeNeRF are better than STED, they still struggle with

achieving a natural skin and hair look. In contrast, our model not only produces a photo-

realistic eye region but also accurately reconstructs other facial features and hair. In the

region surrounding the eye, our method produces sharper images than other methods and

the finer details of the periocular region, such as eyebrows and eyelids are clearly visible.

In addition, I show the quantitative results in Table 3.1. It shows that our method outperforms

GazeNeRF by a large margin which supports the qualitative results above. GazeNeRF learns

to map the latent code space onto various 3D faces. In contrast, DeNeRF defines a canonical

space and warps each point in the observation space to a static canonical space where the

deformation is handled by explicit face poses and learned linear blend skinning weights. Such

a design provides the neural network with a clear objective of learning the static canonical
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GT Ours STED HeadNeRF GazeNeRF

Figure 3.4: The qualitative comparison between DeNeRF and other SOTA methods.

space, which makes training much easier.

It is worth noting that our model is trained on only 13 views from 9 frames, whereas GazeNeRF

is first pre-trained on all available 80 subjects in ETH-XGaze before being fine-tuned using

all 18 available views from 100 frames. Despite the vast di"erence in the amount of training

data, our model significantly outperforms GazeNeRF in rendered image quality.

3.3.4 Improving Gaze Estimation Performance

My method is capable of rendering face images from novel views and eyeball poses. Further-

more, I can generate pseudo-labels for the rendered images based on eyeball rotation and

head pose. The eyeball rotation is estimated through multi-view face tracking, while the

head pose can be derived from camera pose. By combining the eyeball rotation and head

pose, I can accurately calculate the final gaze direction.

To demonstrate the capacity of our model in enhancing gaze estimation, I conducted ex-

periments on four renowned gaze datasets including EyeDiap (Funes Mora et al., 2014a),

MPIIFace (Zhang et al., 2017c), RT-Gene (Fischer et al., 2018), and Gaze360 (Kellnhofer

et al., 2019b). Due to the scarcity of annotated images per subject in the test person specific
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Table 3.2: We use rendering images to enhance gaze estimation performance. We train

GazeTR in the four datasets and test it in the ETH-XGaze. The checkmark means we add

rendering images into training set.

EyeDiap MPIIFace RT-Gene Gaze360

× 41.829 36.441 42.172 17.709
⇐

34.074 28.567 34.632 16.351

set of ETH-XGaze, I randomly select seven subjects from the train set of ETH-XGaze for the

experiment. I train our model on nine frames for each subject and then generate 324 images

under random 36 head poses and nine gaze directions. These newly generated data were

incorporated into the four gaze datasets to create their corresponding augmented version.

Finally, I evaluated the performance of the augmented versions on the annotated data of

each subject. I trained the state-of-the-art gaze estimator, GazeTR (Cheng et al., 2022),

separately on each of the four original datasets and their augmented versions for comparison.

I present the gaze error in Table 3.2. The rendering images bring significant improvements on

the EyeDiap, MPIIFace, and RT-Gene datasets, with gains of 18.54%, 21.61%, and 17.88%,

respectively. This improvement can be attributed to the ability of DeNeRF to generate a

wider range of gaze and head poses than those present in the narrow dataset. This increased

variation allows for more accurate gaze and head pose estimations. Despite Gaze360 already

having a large gaze and head pose range, our augmented dataset still outperforms it with a

7.67% improvement. This result further highlights the potential of our method for the gaze

estimation task.

3.3.5 Multi-view Face Tracking Visualization

I show the visualization of face tracking in Fig. 3.5. The detected landmarks used for

supervision are estimated using the approach proposed by Bulat et al. (2017). Our multi-view
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face tracker takes multi-view images and corresponding camera poses as inputs. I initialize

the textured FLAME face model with zero parameters and project the face model to all

views. I render face images and obtain face landmarks and pupil centers from the fitted

FLAME model. Then I perform pixel-wise alignment in the face appearance and position

alignment for facial landmarks and pupil centers. The result shows that our multi-view face

tracking can get accurate facial parameters while keeping multi-view consistency.

GT Texture Fitted Texture Fitted LandmarksDetected Landmarks GT Texture Fitted Texture Fitted LandmarksDetected Landmarks

Figure 3.5: Fitting results of multi-view face tracking.

3.4 Conclusion

In this chapter, I present a novel dynamic eye-aware NeRF that allows for facial rendering

from di"erent perspectives and eye poses. DeNeRF utilizes multi-view images to train a

NeRF model of the face. First, I perform face tracking on the multi-view images to capture

the eye pose. Then, I fit a parametric 3D face model, FLAME, considering the multi-view
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consistency. Next, I construct a rotation-aware manifold to model the rotation of the eyeball.

I define a canonical space for DeNeRF and transform 3D points from di"erent observation

spaces into this space. Finally, I learn a unified face NeRF model on the canonical space

while considering an eye deformation field for the transformation. The eye deformation field

accounts for rigid transformation, including eyeball rotation, and non-rigid transformation,

such as periocular deformation. I evaluate our method on the ETH-XGaze dataset and show

that it can render high-fidelity face images from novel viewpoints and eye poses. I also mix

our rendered images with the original training set for data augmentation, which further

improves performance. In future work, I aim to reduce the requirement for multi-view images

and lower computational costs.
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Chapter Four

Real-Time Gaze-Controllable 3D Face

Generation from a Single Image

This chapter presents work that is under review by The IEEE/CVF Conference on Computer

Vision and Pattern Recognition 2025.

Gaze is one of the most important facial features and it conveys human attention and intention

in interaction. Gaze redirection involves redirecting the gaze of a face image to a given target

direction without changing the identity. It has diverse applications, including virtual reality

(Pai et al., 2016; Mania et al., 2021; Henrysson et al., 2005; Zhang et al., 2022; Zheng et al.,

2023), digital human modeling (Demirel et al., 2007; Jack et al., 2015; Leyvand et al., 2006;

Tse et al., 2022), and computer-generated (CG) filmmaking (Yang et al., 2022; Vanezis et al.,

1989; Blanz et al., 2004). Besides, it is also used to generate training data for downstream

tasks such as gaze estimation as gaze data collection is complex and time-consuming (Wang

et al., 2023c).

Existing gaze redirection methods can be broadly divided into two categories: 2D-based and

3D-based, depending on whether they incorporate 3D representations. 2D-based methods

achieve gaze redirection either by warping pixels in the input image (Ganin et al., 2016) or by
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Figure 4.1: 3D-aware gaze redirection results from our proposed LiveGaze, which generates

photo-realistic face images under novel gazes and views with good 3D consistency in real time.

Compared to the state-of-the-art 3D-aware gaze redirection method GazeNeRF (Ruzzi et al.,

2023), which requires approximately one minute during inference, our approach achieves

real-time performance at 60ms while maintaining superior image quality.

generating new gaze images through deep generative models such as Generative Adversarial

Networks (GANs) (He et al., 2019; Jindal et al., 2023), encoder-decoder networks (Park et al.,

2019a), and Variational Autoencoders (VAEs) (Zheng et al., 2020). While e"ective to some

extent, these methods do not capture the inherently 3D nature of gaze redirection, resulting

in suboptimal performance under larger head poses.

3D-based methods, on the other hand, construct a 3D representation of each input face

image using techniques like the neural radiance field (NeRF) (Mildenhall et al., 2020). Once

trained, these models can generate a full 3D face and, by adjusting camera poses, produce

images with varied head orientations, ensuring strong 3D consistency across a wide range

of poses. Among these, GazeNeRF (Ruzzi et al., 2023) is the state-of-the-art, employing
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two separate multilayer perceptrons (MLPs) to model the radiance fields for the face and

eyes independently. GazeNeRF generates novel views using latent codes and gaze labels, but

during inference, it requires fine-tuning and updating learnable latent codes before rendering

(Hong et al., 2022; Ruzzi et al., 2023), a process that is time-consuming and delays gaze

redirection. Balancing 3D consistency with real-time performance, therefore, remains an

open challenge in gaze redirection.

In this chapter, I tackle the challenge of real-time 3D-aware gaze redirection by distilling a 3D

portrait generator into a lightweight module (Trevithick et al., 2023; Chan et al., 2022) that

requires only a single image as input. I introduce a novel method, LiveGaze, for real-time

gaze redirection with 3D awareness.

As illustrated in Fig. 4.2, our streamlined module takes an image and gaze label as inputs.

Drawing inspiration from Stable Di"usion (Rombach et al., 2022), I incorporate the gaze

label by merging it with image features through cross-attention mechanism. The fused

features are then encoded into a triplane representation (Chan et al., 2022) for volumetric

rendering, enabling the model to be trained with a reconstruction loss. Direct optimization

of appearance and shape in a compact model is challenging, particularly when deriving 3D

geometry from a single image (Liu et al., 2023; Liu et al., 2024). To address this, I distill the

prior knowledge of face geometry from a 3D portrait generator into our module, optimizing

appearance and adjusting shape as needed.

Our system achieves real-time 3D-aware gaze redirection through a feedforward network,

processing each frame in just 61ms on a standard consumer GPU. Extensive quantitative

and qualitative evaluations validate our approach, and a series of ablation studies confirm

the e"ectiveness of our design choices. Compared with existing methods (Ruzzi et al., 2023;

Hong et al., 2022), LiveGaze o"ers superior image quality with a significant boost in inference

speed.
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In summary, our contributions are as follows:

• I present a lightweight, real-time 3D-aware gaze redirection module that utilizes a

cross-attention-based gaze fusion mechanism, maintaining strong 3D consistency.

• I introduce the distillation of 3D face priors from 3D GANs into a lightweight module,

enhancing 3D face generation quality.

• Our method, tested on the ETH-XGaze dataset, surpasses state-of-the-art methods in

both inference speed and image quality.

4.1 Related Work

4.1.1 Gaze Rediretion

Gaze redirection methods can generally be divided into two categories: 2D-based methods

and 3D-based methods.

Among 2D-based methods, Deepwarp (Ganin et al., 2016) employs warping maps learned from

pairs of eye images with di"erent gaze directions, which requires extensive annotated data.

To reduce this reliance on annotated real data, Yu et al. (2019a) incorporate a pretrained gaze

estimator with synthetic eye images, further refined by Yu et al. (2020) with an unsupervised

gaze representation learning network. GAN-based approaches, such as the one proposed by

He et al. (2019), enable gaze redirection by leveraging generative models. FAZE introduces

an encoder-decoder framework that encodes eye images into latent vectors, which are then

manipulated with rotation matrices to produce synthetic images featuring redirected gaze. ST-

ED (Zheng et al., 2020) builds on this by disentangling latent representations to perform both

head and gaze redirection for full-face images, achieving highly accurate results. Expanding

on ST-ED, ReDirTrans (Jin et al., 2023) projects edited embeddings back into the original
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latent space, allowing for attribute replacement with minimal impact on other features and

preserving the latent distribution. While e"ective, 2D-based methods often struggle with 3D

consistency, as they lack an explicit 3D facial representation.

In contrast, 3D-based methods o"er improved 3D consistency. EyeNeRF (Li et al., 2022a)

combines explicit surface modeling for the eyeball with implicit volumetric representations

of surrounding eye structures, enabling high-fidelity gaze redirection with photorealistic

e"ects using a minimal setup of lights and cameras. GazeNeRF (Ruzzi et al., 2023) employs

a two-stream MLP architecture to separately model the face and eye regions via neural

radiance fields, allowing for independent manipulation of the eyeball orientation. Additionally,

HeadNeRF (Hong et al., 2022) integrates gaze labels as conditional inputs to support gaze

redirection. Despite their robust 3D consistency, these methods often require complex,

resource-intensive models, limiting their real-time applicability. To address these limitations,

our proposed method distills 3D facial geometry from 3D GANs into a streamlined, 3D-aware

gaze redirection module, achieving real-time performance.

4.1.2 3D-Aware One-Shot Portrait Generation

Keeping good 3D consistency is challenging when generating a 3D-aware portrait from one

single image. E!cient 3D representations, like neural radiance fields (Mildenhall et al., 2020)

or 3D meshes (Li et al., 2017), are commonly used to impose geometric constraints on neural

rendering to enhance view consistency. ROME (Meng et al., 2022a) is a mesh-based method

that estimates the head mesh as well as the neural texture. Although it achieves good view

consistency, the limited resolution of polygonal meshes restricts the neural renderer’s ability

to produce high-fidelity geometric and appearance details. HeadNeRF (Hong et al., 2022)

and MofaNeRF (Zhuang et al., 2022) support direct control of the head pose of the generated

images with NeRF-based parametric model. However, these methods require intensive test-

time optimization, limiting their usability in real-time applications, and often struggle to
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preserve the source identity due to the use of compact latent vectors. EG3D (Chan et al.,

2022) utilizes an advanced triplane-based neural field representation that e!ciently encodes

the 3D structure and appearance of an avatar’s head, enabling detailed and structured 3D

modeling. However, it still needs to update the latent codes for one specific head via GAN

inversion (Abdal et al., 2019; Abdal et al., 2020; Bai et al., 2022). Live3D (Trevithick et al.,

2023) distills a lightweight neural network from EG3D to realize 3D portrait generation from

one single image in real time. Our work relies on the structure of Live3D and inherits its

real-time performance. While working e!ciently, it lacks the disentanglement between the

appearance and gaze direction and is unable to impose various driving gazes onto the input.

To address the limitation, I propose a gaze fusion module to inject gaze as a condition for

gaze controlling and train the model with pairs of images with di"erent gazes. In addition,

I further propose a distillation model of 3D face priors from the pre-trained Live3D model

(Trevithick et al., 2023) to supplement shape information.

4.2 Methodology

4.2.1 Preliminary

3D-aware GANs (Chan et al., 2022; Trevithick et al., 2023) have proven e"ective in generating

highly realistic 3D images by leveraging collections of single-view images. To improve

computational e!ciency and image quality of 3D GANs, EG3D (Chan et al., 2022) proposes

an e!cient triplane-based 3D representation for portrait reconstruction. However, EG3D

must do GAN inversion before 3D reconstruction given an image. The GAN inversion makes

the whole inference process slow. To address this limitation, I rely on Live3D (Trevithick

et al., 2023), a state-of-the-art single-image 3D portrait reconstruction model that distills a

lightweight module from the pre-trained EG3D model.

Live3D takes an image I as input instead of latent codes. It encodes the input image with two
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Figure 4.2: Overview of the LiveGaze pipeline. During training, the model extracts

high-frequency and low-frequency features from the source image and fuses them with gaze

information to generate a 3D face representation. This is used to render gaze-redirected

images with depth maps, guided by 2D and 3D geometry constraints. During inference, the

model enables real-time gaze redirection using only a single image and gaze labels.

encoders, Eh and El, to extract the features with high frequency and low frequency. Then, a

ViT-based decoder Etri is used to transfer the concatenated features into the triplane T:

T = Etri (Eh(I),El(I)) . (4.1)

The triplane T is followed with a volume renderer to render low-resolution images under

the given camera pose c. High-resolution images are obtained via a super-resolution module

which is the same as EG3D (Chan et al., 2022).

4.2.2 Network Architecture

The two encoders, Eh and El, are designed to extract high-frequency features and low-

frequency features from the input image in Live3D. 3DPE (Bai et al., 2025) analyzes the two

kinds of features by separately disabling the features and visualizing them. They find the
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features from Eh keep appearance information while losing the shape and the features from

El retain the geometry while fail to capture the appearance. Therefore, the high-frequency

features are also referred to as appearance features and the low-frequency features are referred

to as geometry features. The human eyeball is close to a sphere and the geometric changes

in eye region are tiny. Compared with geometric changes, redirecting gaze usually causes

bigger changes in appearance. To this end, I choose to fuse the gaze condition with the

high-frequency features from Eh to modify the face appearance and leave face geometry

unchanged.

Injecting Gaze as Condition. Given a source image Is and a gaze label g, I first use

the gaze label encoder Eg to create gaze embeddings whose dimensions are aligned with the

high-frequency features Fh. Inspired by Stable Di"usion (Rombach et al., 2022), I fuse the

gaze embedding and Fh via cross-attention mechanism. Specifically, I add a cross-attention

layer after Eh to obtain the modified appearance features Fapp:

Fapp = CrossAttention (Eh(Is),Fh) , (4.2)

In the cross attention, Fh functions as the query, while Eg(g) is used as both the key and

value. The modified appearance features Fapp and geometry feature Fgeo are subsequently

fed into the decoder Etri to infer the triplane Tg:

Tg = Etri (Fapp,Fgeo) , (4.3)

The gaze-redirected image Ig and the depth map Dg under the target camera pose c are

generated by a triplane renderer G same as EG3D (Chan et al., 2022):

Ig,Dg = G(Tg, c) . (4.4)

4.2.3 Distillation of 3D Face Prior

Directly optimizing appearance and shape from a single image is challenging, as it lacks

su!cient constraints to accurately represent a 3D scene. In this work, I distill face geometric
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priors from a pre-trained model to enhance the quality of the generated images. Notably, the

pre-trained model is typically not designed for gaze redirection. I found that leveraging face

geometric priors also improves the overall quality of the generated face images.

In detail, I distill face geometric prior from a pre-trained 3D portrait generation model (Tre-

vithick et al., 2023). I find the model has the best performance when the face in the input

image is oriented frontally. Therefore, I input a frontal image whose identity and gaze are the

same as the target image to the pre-trained model and obtain a NeRF representation like the

triplane feature T. The triplane feature enables the rendering of multi-view images and dense

depth maps by predicting the color and density of 3D points along camera rays. In this work,

I focus solely on depth map generation and apply a distillation loss on the predicted depth,

as the synthesized images do not always maintain appearance consistency with the target

images. Specifically, I sample 3D points along the camera rays r under the target camera

pose c. For each ray r, the depth value D(r) is computed as:

D(r) =
N∑

i=1

Wi (1↔ exp (↔εi↼i))di, (4.5)

and

Wi = exp

(
↔

i↑1∑

j=1

εj↼j

)
. (4.6)

N is the number of samples along the ray, di is the distance between the i-th sample and

the camera, εi is the density of the i-th sample, and ↼i is the distance between the i-th and

(i+ 1)-th samples. The depth map D under the camera pose c is obtained by integrating all

depth values. I compute the ground truth depth map Dgt from the pre-trained model and

the depth map Dg from our model, applying an L1 loss to enforce depth consistency between

them.
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LD = ⇒Dg ↔Dgt⇒1 . (4.7)

4.2.4 Training Objectives

I train the model using a pair of images (Is and Igt) with the same identity and di"erent

gazes. The 3D face prior is obtained from an additional frontal image If with the same

identity and gaze as Igt. I optimize our model using the following objective function:

L = φRLR + φDLD + φPLP , (4.8)

where LR, LD, LP represent the reconstruction loss, depth loss, and perceptual loss, re-

spectively. As illustrated in Fig. 4.2, the reconstruction loss defines our mask-guided 2D

constraint and the depth loss builds our geometry constraint.

Mask-Guided 2D Reconstruction Loss. To achieve realistic gaze redirection, I introduce

a 2D reconstruction loss that minimizes the di"erences between the generated image Ig and

the target image Igt in pixel level. To improve the generation quality of eyes, I apply a

face region mask and an eye region mask to the reconstruction loss and enhance eye region

reconstruction by setting the loss in eye region with a larger weight:

LR = φRf
LRf

+ φReLRe , (4.9)

where LRf
and LRe stand for face region reconstruction loss and eye region reconstruction

loss respectively. I set φRe > φRf
in our case.

The face region reconstruction loss LRf
is formulated as:

LRf
=

1

|Mf ⇑ Igt|
⇒Mf ⇑ (Ig ↔ Igt)⇒1 , (4.10)

where Mf is the face region mask and ⇑ denotes the pixel-wise Hadamard product operator.

And the eye region reconstruction loss LRe is formulated as:

LRe =
1

|Me ⇑ Igt|
⇒Me ⇑ (Ig ↔ Igt)⇒1 , (4.11)
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where Me is the eye region mask.

Perceptual Loss. Perceptual loss (Johnson et al., 2016) is to assess the quality of generated

images by comparing high-level feature representations rather than pixel-level di"erences.

It leverages a pre-trained network (such as VGG (Simonyan et al., 2014)) to capture the

semantic and structural similarity between generated and target images. The models trained

with perceptual loss tend to produce more visually realistic and detailed outputs by focusing

on perceptual similarity, which better aligns with human visual perception. It has been widely

used in image synthesis (Hong et al., 2022; Jindal et al., 2023) and approved as e"ective. I

utilize a perceptual loss function to ensure perceptual alignment between the gaze-redirected

image Ig and the target image Igt:

LP =
∑

i

1

|↽i (Igt)|
⇒↽i (Ig)↔ ↽i (Igt)⇒1 , (4.12)

where ↽i denotes the i-th layer of a VGG16 (Simonyan et al., 2014) network pre-trained on

ImageNet (Krizhevsky et al., 2012).

During inference, our model only takes a single 2D portrait image and a specified gaze

direction as input and produces a gaze-redirected, triplane-based 3D face NeRF. Our model

enables photorealistic view synthesis, allowing for highly realistic visualizations from multiple

perspectives.

4.3 Experiments

To demonstrate the e"ectiveness of LiveGaze, I train our model on the ETH-XGaze (Zhang

et al., 2020) dataset and compare it to the state-of-the-art methods regarding e!ciency and

image quality both qualitatively and quantitatively. Then I show the results of novel view

synthesis and gaze redirection. Finally, I validate our design choices via ablation studies.
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4.3.1 Experimental Setup

Dataset. I train our model on the ETH-XGaze dataset which is widely used in gaze

redirection task (Ruzzi et al., 2023; Wang et al., 2023c) and gaze estimation task (Cheng

et al., 2023; Wang et al., 2023a). ETH-XGaze is a large-scale gaze dataset comprising

high-resolution images that capture a wide range of head poses and gaze directions. It was

collected using a multi-camera setup under various lighting conditions to enhance diversity.

The training set includes 756K frames across 80 subjects, with each frame featuring images

from 18 distinct camera angles. Additionally, a personalized test set contains 15 subjects,

with each providing 200 images along with accurate ground truth gaze labels for evaluation.

Following GazeNeRF (Ruzzi et al., 2023), I train LiveGaze with 14.4K images from 10 frames

per subject, 18 images with di"erent views per frame, and 80 subjects on the ETH-XGaze

training set. I test all the models on the personalized test set.

Data Preparation. The resolution of raw images in ETH-XGaze (Zhang et al., 2020) is

6Kx4K. I first normalize the raw images using the method proposed by Zhang et al. (2020)

and get the normalized head poses and gaze directions. The normalized distance between the

camera and the center of the face is fixed at 950mm and the focal length in the normalized

camera projection matrice is set to 1600. To align the data format with Live3D (Trevithick

et al., 2023) and EG3D (Chan et al., 2022), I resize the normalized images to 512x512 and

estimate camera poses (Deng et al., 2019). To apply our mask-guided 2D constraint, I use

the face parsing model (Yu et al., 2018) to segment the whole and the eye region. I use the

detected landmarks (Bulat et al., 2017) to do the segmentation when the face parsing model

does not work when processing some challenging images. I convert the provided gaze labels

into pitch-yaw labels in the head coordinate system for convenience of gaze controlling in 3D

space.

Implementation Details. Our model is trained in an end-to-end manner. I employ Adamw
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(Loshchilov et al., 2017) as our optimizer for whole model. The learning rates are set to

1e↑5 and 1e↑5 for the encoding part and the rendering part respectively. I train our model

with a batch size of 4 for 50 epochs. I empirically set the loss coe!cients (LR, LD, LP) in

equation (4.8) to 1, 1, 0.8 respectively. The coe!cients (LRf
and LRe) of in equation (4.9)

are assigned with 1 and 2 separately. It takes around 18 hours to train the whole model on

two NVIDIA A100 GPUs with 40GB memory.

The personalized test set in ETH-XGaze includes 200 labeled images for each subject. I

split the personalized test set into an input group and a target group following GazeNeRF

(Ruzzi et al., 2023). The input group contains 100 images for each subject and the target

group includes the other 100 images. I train our model with 80 subjects in the train set

of ETH-XGaze first and then finetune the model with images from the input group for 10

epochs. I generate the images in the target group during evaluation.

Evaluation Metrics. I evaluate our model with various metrics regarding model e!ciency

and generated image quality. To evaluate the e!ciency of models, I report the encoding time

and rendering time measured on a single NVIDIA 3090 GPU in the inference stage with an

average of 100 samples. To evaluate the quality of generated image, I report four widely used

metrics including Structure Similarity Index(SSIM) (Wang et al., 2004), Peak Signal-to-Noise

Ratio(PSNR), Learned Perceptual Image Patch Similarity(LPIPS) (Zhang et al., 2018), and

Fréchet Inception Distance(FID).

4.3.2 E!cient 3D-Aware Gaze Redirection

Baseline Methods. I compare our model against the state-of-the-art gaze redirection

methods including 2D-based method ST-ED (Zheng et al., 2020) and 3D-based method

GazeNeRF (Ruzzi et al., 2023). ST-ED realizes gaze redirection on full-face images by

disentangling latent vectors with a novel self-transforming encoder-decoder architecture.
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Figure 4.3: Qualitative comparisons. I conduct the comparison on ETH-XGaze dataset. The

background is removed by applying face masks. Please note the hair and eye generations in

the two red boxes. Our model generates results with higher quality.

GazeNeRF disentangles eye and face with two-stream MLPs and achieves 3D-aware gaze

redirection based on NeRF representation. I also compare our model with HeadNeRF, a

state-of-the-art NeRF-based 3D portrait generation model. It is adapted to gaze redirection

task by simply adding two-dimension gaze labels as additional input.

Qualitative Results. I show the qualitative results of the comparison with SOTA methods

in Fig. 4.3. Following GazeNeRF (Ruzzi et al., 2023), I pair the images with the di"erent

gazes from the personalized test set of ETH-XGaze to get the input images and target images.

Our model takes one single image as well as a target gaze label as input and generates a

photorealistic gaze-redirected image. As shown in Fig. 4.3, ST-ED (Zheng et al., 2020) su"ers

from preserving identity information tending to generate similar faces with di"erent inputs.

Besides, the results from ST-ED preserve the unmasked green background by mistake which

is barely found in 3D-based methods (HeadNeRF, GazeNeRF, and our LiveGaze). 2D-based

methods only learn a mapping from the input image and gaze label to the target image,

while 3D-based methods are trained to build 3D face representations by integrating extensive

multi-view information. It explains the robustness of 3D-based methods in handling defective

inputs, which verifies our choice of NeRF-based architecture. Even though HeadNeRF (Hong
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Table 4.1: Quantitative comparisons regarding image quality (SSIM, PSNR, LPIPS, FID) and

inference speed (Encode Time, Render Time, Total Time). For fairness, I report inference

speed metrics only for 3D methods. Image quality is evaluated on the personalized test set

from ETH-XGaze, while inference speed is averaged over 100 samples on a single NVIDIA

3090 GPU.
Method 3D-based SSIM ↘ PSNR ↘ LPIPS ≃ FID ≃ Enc Time ≃ Rend Time ≃ Total Time ≃

ST-ED ! 0.726 17.530 0.300 115.020 - - -

HeadNeRF " 0.720 15.298 0.294 69.487 60s 0.058s 60.058s

GazeNeRF " 0.733 15.453 0.291 81.816 60s 0.060s 60.060s

Ours " 0.715 19.007 0.272 38.346 0.026s 0.035s 0.061s

et al., 2022) generates face images with the correct identity, it fails to redirect the gaze

accurately and loses details in eye regions. GazeNeRF (Ruzzi et al., 2023) generates gaze-

redirected images whose gazes are aligned with target images, while it struggles to preserve

more facial details including facial texture and fine-grained hair as shown in the red box on

the left. In contrast, our model can generate photorealistic face images with extensive details

while maintaining the ability to redirect gaze accurately. Notably, our model works in real

time which outperforms all the existing 3D-aware methods.

Quantitative Results. I evaluate our model against other state-of-the-art methods in terms

of generated image quality, using widely used metrics including SSIM, PSNR, LPIPS, and

FID. To ensure fairness, I compare inference speed with other 3D-based methods, examining

encoding time, rendering time, and total time. Image quality is assessed on the personalized

test set from the ETH-XGaze dataset, and inference speed is measured by averaging results

from 100 samples on a single NVIDIA 3090 GPU. I show the quantitative results in Table 4.1.

For inference speed, LiveGaze achieves real-time performance in both encoding and rendering

stages, with a total processing time of 61ms per image. This is attributed to the e!cient

triplane-based lightweight module distilled from a pre-trained 3D GAN (Trevithick et al.,
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Figure 4.4: Visualization of generated results under novel views and gazes.

2023), as well as the avoidance of the inversion process by requiring only a single image as

input. In contrast, both HeadNeRF and GazeNeRF are based on the same parametric head

model with NeRF representation. Their inputs are parameters of a specific head instead

of images. Therefore, they have to conduct an inversion process to update the parameters

with the input image, which takes a great amount of time like one minute. They su"er

from slower encoding times due to the involved inversion process. Regarding image quality,

LiveGaze beats the other SOTA methods on most metrics (PSNR, LPIPS, FID) and achieves

a comparable result on SSIM. Notably, our model outperforms other methods on FID by a

large margin.
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Table 4.2: Ablation on feature choices. The results indicate that injecting gaze label into low

frequency feature cannot achieve competitive performance.

Injecting into FID ≃ ID ↘ Gaze ≃ Head ≃

Low-Frequency Feature 67.298 38.517 18.973 5.409

High-Frequency Feature 38.346 60.708 9.047 3.631

4.3.3 Face Rendering under Novel Views and Gazes

To showcase the e"ectiveness of our model in generating 3D-consistent results and achieving

consistent gaze redirection, I show the visualization of face rendering under novel views and

gazes in Fig. 4.4. I set the gaze as looking forward during the generation under novel views

and interpolate the gaze from left to right under a frontal view in the generation under novel

gazes. The results demonstrate that our model can generate face images with strong 3D

consistency and enables smooth and coherent gaze interpolation. The good performance relies

on our expressive triplane-based 3D face representation and the simple but e"ective gaze

fusion module. It is important to note that our model allows the generation of photorealistic

face images across a large range of head poses and gaze directions.

4.3.4 Ablation Study

Ablation on Feature Choices. LiveGaze separates high-frequency features (related to

appearance) and low-frequency features (related to geometry) before mapping them to the

triplane representation. I perform an ablation study on these features by reporting FID for

image quality evaluation, identity similarity (ID) for identity preservation evaluation, and

gaze/head redirection errors for redirection accuracy evaluation. Identity similarity (ID) is

assessed using the face recognition model from FaceX-Zoo (Wang et al., 2021). This model

evaluates the discrepancies in identity between the redirected images and the corresponding

ground truth images.
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Figure 4.5: Visualization of ablation on fusion feature choices. The results highlight that

using only low-frequency geometric features results in blurry images and inaccurate gaze

redirection.

The quantitative results are shown in Table 4.2. The results indicate that injecting gaze

label into low frequency feature cannot achieve competitive performance. I also try to inject

gaze prompt into both low-frequency and high-frequency features, but the training fails to

converge due to the di!culty of modifying appearance and geometry simultaneously. We

present the generated images with the fusion of low-frequency features in Fig. 4.5. Images

generated using only low-frequency features appear blurry across the entire image, with

gaze redirection failing to achieve accurate results. When the gaze embedding is fused with

low-frequency features, the geometry of the 3D face becomes entangled with the input gaze

labels. Ideally, the model should modify only the geometry around the eye region; however,

without specific geometric constraints, the model struggles to focus on the eye region alone.

Instead, it tends to alter the entire face, leading to noticeable instability in the generated

results. In our approach, I fuse the high-frequency features with the gaze embedding while

keeping the geometric features unchanged. This enables the model to perform gaze redirection
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Input Image w/ 3D Prior (ours) w/o 3D Prior

Figure 4.6: Ablation on 3D face prior distillation.

Figure 4.7: Failure cases under challenging conditions.

by adjusting only the appearance of the eye region, ensuring a stable face shape throughout

the process.

Ablation on 3D Face Prior Distillation. I conduct an ablation study on 3D face prior

distillation and show the reconstructed 3D meshes in Fig. 4.6. Our model, leveraging 3D

priors, clearly reconstructs 3D face shapes with high fidelity. In contrast, the mesh generated

without 3D priors appears flat across the face, lacking significant depth information.
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4.3.5 Limitations

While LiveGaze is capable of generating photorealistic gaze-redirected face images in real time,

it faces challenges under certain conditions, such as varying illumination and the presence

of glasses. Failure cases are illustrated in Fig. 4.7. In low-light environments, our model

may mistakenly perceive faces as belonging to di"erent subjects with darker facial tones.

Additionally, its performance declines when processing faces with glasses. As shown in the

second row of Fig. 4.7, the model struggles to reconstruct glasses correctly, and their presence

interferes with the generation of the eye region. Despite these limitations, it is worth noting

that our model successfully redirects gaze correctly in both scenarios, underscoring its robust

gaze redirection capability.

4.3.6 Additional Qualitative Results

In Fig. 4.8, I show additional qualitative results comparing our model to the SOTA methods.

All the models are evaluated on the personalized test set of the ETH-XGaze dataset. Our

model generates images with superior quality while ST-ED (Zheng et al., 2020) encounters

di!culties in preserving identity information and both HeadNeRF (Hong et al., 2022) and

GazeNeRF (Ruzzi et al., 2023) struggle to retain facial details.

In Fig. 4.9, I show additional qualitative results of generation under novel gazes and novel

views. Our model can generate 3D faces with controllable gazes from a single input image. It

produces photorealistic face images across a wide range of head poses and gaze directions. The

results under novel viewpoints demonstrate the model’s strong 3D consistency throughout the

generation process. Additionally, its capability to produce consistent gaze images is validated

by the results under novel gaze directions.
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Figure 4.8: Additional visualization of generated images from ETH-XGaze with our LiveGaze,

ST-ED, HeadNeRF, and GazeNeRF. The background is eliminated using face masks. Our

model can generate photo-realistic images with extensive details. In contrast, ST-ED struggles

to preserve identity information. HeadNeRF and GazeNeRF face challenges in maintaining

facial details.
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Figure 4.9: Additional visualization of generated images under novel gazes and novel views.

The upper part is the generated images under novel gazes which are from left to right. The

lower part is the generated results under novel views. Our model generates 3D faces with

controllable gazes from a single image, producing photorealistic results across diverse head

poses and gaze directions while maintaining 3D and gaze consistency.
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4.4 Conclusion

In this chapter, I propose LiveGaze, a real-time 3D-aware gaze redirection method from a

single image. Our model achieves real-time inference by employing an e!cient triplane-based

NeRF architecture and distilling the prior knowledge from 3D GANs into a lightweight module.

Benefiting from the simple but e"ective gaze fusion module and the dedicated choice of fused

features, our model realizes accurate gaze redirection while maintaining superior image quality.

With its exceptional real-time performance and high-quality generation, our model holds

great potential for numerous downstream applications, particularly in scenarios with high

real-time requirements. While LiveGaze o"ers significant advantages, its performance declines

under challenging conditions like varying lighting and the presence of glasses. Addressing

these challenges is reserved for future work.
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Chapter Five

Gaze-Controllable Face Generation with

Nature Language

This chapter presents work that has been published at the 32nd ACM International Conference

on Multimedia 2024 in Melbourne, Australia (Wang et al., 2024).

Face image generation has made significant progress in recent years, owing to the remarkable

capabilities of adversarial networks (Goodfellow et al., 2014) and di"usion models (Ramesh

et al., 2022; Rombach et al., 2022). It has various applications including virtual reality (Zhang

et al., 2022; Zheng et al., 2023), digital human (Jack et al., 2015; Tse et al., 2022; Wang

et al., 2023c) and CG film-making (Yang et al., 2022; Blanz et al., 2004). The text-to-face

task, which aims to control the face generation using natural language descriptions, has also

gained considerable attention (Hou et al., 2023; Sun et al., 2022). This task generates face

images corresponding to input text, attracting interest due to its natural interaction and vast

practical potential.

Recent text-to-face methods typically utilize natural language to manipulate semantic feature

generation, such as “black hair” and “young boy”. These semantic features are manually

annotated for each image and provide paired data for the generation model training. In
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The person's 
gaze is turned to 

the left and 
downward.

Target Text DALL-EStable Diffusion Ours

Target 
Gaze Zone

Generated 
Gaze

Input:
Text Description

Output: 
Face Image

TextGaze
But the face direction is not my desired.

I want to generate a human face who is 
looking at the sky.  

Certainly! Here’s <Image>

Could you provide gaze and head pose, like 
gaze [-40o, 20o], head [-73o, 17o] ?

I don’t know the accurate number.

Of course! Here’s new <Image>

I hope that “the person is looking right and 
slightly upwards with tilted head”. 

Could you generate a new image using this 
description?

Figure 5.1: Left: Overview of our method. Generating gaze images with natural language.

Our method significantly outperforms Stable Di"usion and DALL-E. Right: Our motivation.

People tend to describe head pose and gaze direction using direction and extent words instead

of labels.

addition to these semantic features, human behaviors are also crucial components evident in

human faces. Human gaze reflects human intention and is highly demanded in numerous

applications (Cheng et al., 2023; Cheng et al., 2024; Bao et al., 2020). However, to the best

of our knowledge, there is no work for the text-driven gaze-controllable face generation.

Gaze-controllable face generation methods aim to produce face images that correspond to

a specified gaze input. Recent approaches typically involve inputting a specific numerical

gaze value (Cheng et al., 2021) to generate the corresponding face images (He et al., 2019;

Ruzzi et al., 2023). However, I argue that using gaze values as input may not be user-friendly,

particularly for non-expert users as shown in Fig. 5.1. Representing gaze through numerical

values could pose challenges for individuals unfamiliar with the technical aspects of gaze

estimation. This raises the need for a more user-friendly and intuitive approach to specifying

gaze in the generation process.

In this work, I propose a novel gaze-controllable text-to-face generation task, where the
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input is the text descriptions of human gaze behavior, such as “the person looks forward”.

Unlike using gaze values, employing natural language is more aligned with common expressive

habits, making it more accessible and acceptable to a broader range of users. However, a key

challenge arises due to the scarcity of text descriptions of gaze behavior. The development of

an accurate and diverse text description dataset is highly demanded.

I first introduce a text of gaze (ToG) dataset containing over 90k gaze descriptions. Our

approach decomposes human gaze into eye and head rotations, employing uniform sampling

to obtain a dense gaze distribution. Manually annotating text descriptions for each gaze

sample is time-consuming, and the expertise of annotators greatly influences the annotation

outcomes. Inspired by the success of Large Language Models (LLMs) in natural language, I

utilize LLMs to annotate gaze behaviors. I construct prompts based on gaze samples and

employ LLM to generate diverse text descriptions.

I further introduce a gaze-controllable text-to-face generation method, consisting of a sketch-

conditioned face di"usion module and a model-based sketch di"usion model. Our approach

utilizes CLIP to obtain feature embeddings from text and introduces a text attention module

to extract gaze-related and head-related features from these embeddings. By learning gaze

patterns from the extracted features, I convert gaze patterns into face sketches based on a

3D face model. The face di"usion model then generates face images from these sketches.

Unlike conventional methods that rely on annotated gaze datasets for training, our method

generates diverse face images without the need for such datasets, using face sketches instead.

Overall, our contributions are three-fold.

• I introduce a novel gaze controllable face generation task where the input is a text

description of human gaze behavior. I provide the first text-to-gaze dataset containing

more than 90k descriptions. LLMs are used to produce accurate and diverse annotations.

To the best of our knowledge, our work is the first to leverage LLMs for gaze image
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generation.

• I propose a two-stage text-to-face method. Our method leverages the prior information

from 3D face models, eliminating the need for gaze dataset. I also propose a text

attention module. The module aggregates gaze and head information from text feature

embedding, and improve the performance of gaze generation.

• I conduct experiments on FFHQ datasets. The experiment demonstrates our method

achieves better gaze-controllable face generation performance than compared methods.

5.1 Related Work

5.1.1 Eye-Control Face Generation

Face generation methods often prioritize controlling semantic information (Sun et al., 2022;

Liu et al., 2022), such as appearance and hair color, but frequently overlook gaze control. One

closely related task is gaze redirection, where the goal is to generate face images aligned with

a specified gaze direction. Deepwarp Kononenko et al. (2017) employs a deep network to learn

warping maps between pairs of eye images with di"erent gaze directions. Yu et al. (2019b)

utilizes a pretrained gaze estimator and trains a network to generate eye images. He et al.

(2019) utilize GAN for gaze redirection and synthesize large-scale gaze data by performing

gaze redirection tasks on one eye image. Ruzzi et al. (2023) train a NeRF model based on

given gaze directions. They generate 3D face models but produce low-quality rendered images.

However, these methods share a common limitation in that they all require images with gaze

annotations for training, significantly restricting their applicability. This requirement poses

challenges for most image datasets where obtaining an annotated gaze may be impractical.
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5.1.2 Text-to-Image Generation

Text-to-image generation shows significant achievement within the context of generative

adversarial (Goodfellow et al., 2014). They leverage text description as a condition and

train a conditional GAN (Mirza et al., 2014) based on a pair of image-text samples (Reed

et al., 2016). Later, stacked structure (Zhang et al., 2017a) and attention mechanism (Xu

et al., 2018) are proposed to improve the quality of image generation. Crowson et al. (2022)

leverage CLIP (Radford et al., 2021) embeddings to guide image editing use VQ-GAN (Esser

et al., 2021). They train the model over large-scale data for diverse generations. Recently,

there are many large text-to-image models such as Imagen (Saharia et al., 2022), DALL-E2

(Ramesh et al., 2022), and Stable Di"usion (Rombach et al., 2022). These models leverage

the di"usion model and produce unprecedented generation.

5.2 ToG: Text of Gaze Dataset

I utilize large language models (LLMs) to generate text-of-gaze (ToG) dataset. Our dataset

contains over 90k text descriptions.

5.2.1 Overview

Text-to-image tasks typically rely on paired text-image data {Ii,Ti} for training, where Ii

denotes images and Ti represents the corresponding text description. However, the collection

of such data is both time-consuming and costly, as annotators are required to manually

generate text descriptions for each image.

Recently, LLMs attract significant attention and demonstrate remarkable capabilities in

natural language. This inspires us to explore the potential of leveraging LLMs for data

generation. In this section, I propose a cost-e"ective method for generating text data using

LLMs. I consider following two questions:
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1) How can LLMs be utilized for the data generation? While recent LLM models exhibit

proficiency in understanding images, their functionality may not be entirely convincing. In

our approach, I disentangle gaze information from images. Rather than generating paired

data {Ii,Ti}, I generate paired data {gi,Ti}, where gi ↗ R2 represents the gaze in the form

of (Yaw, Pitch). Compared to high-dimensional image data, gaze directions o"er greater

accuracy and ease of interpretation. Additionally, I can further estimate gaze from images to

establish the connection between text and images.

2) How can the validity of the generated data be confirmed? To assess the quality of the

generated data, I sample text descriptions from our dataset and conduct a user study for

evaluation.

Next, I introduce the LLM-based data generation method in Sec. 5.2.2. I present an overview

of the ToG dataset statistics and discuss the user study evaluating our dataset in Sec. 5.2.3.

5.2.2 Text Generation using LLMs

I aim to utilize LLMs to generate text descriptions from gaze. However, relying solely on

gaze values may not accurately capture human facial features. Human gaze is influenced

by both head pose and eye rotation, introducing ambiguity that can result in unclear text

descriptions. Therefore, I further decompose the gaze into head pose and eye pose to address

this challenge.

Dense Gaze Sample Generation: I respectively define the ranges for head pose and eye

pose, and calculate gaze based on these values (Deng et al., 2017). Specifically, I define head

pose in both the yaw and pitch axes, sampling from the range of ↔70↓ to 70↓ at intervals

of 10↓. This results in 15↑ 15 head rotation samples. I also sample eyeball rotation from

the range of ↔50↓ to 50↓ at intervals of 10↓, generating 11 ↑ 11 eye rotation samples. By

combining these values, I generate a total of 27, 225 gaze samples. To ensure visibility of the

79



Gaze-Controllable Face Generation with Nature Language

eyes, I exclude gaze samples that fall outside the range of ↔70↓ to 70↓ in the pitch axis and

↔120↓ to 120↓ in the yaw axis (Zhang et al., 2020). Consequently, I obtain a total of 23,887

samples.

Prompt Design: I further employ LLMs to generate text description from gaze. I design

the following prompt:

“Imagine describing someone’s head and gaze movement. Given four numbers representing

yaw and pitch for both head and gaze (positive for left/up, negative for right/down), craft a

detailed description. Your narrative should:

1. Avoid numerical values for angles;

2. O!er rough direction descriptions regardless of extent;

3. Be one sentence and within 10 words;

4. Begin with ‘The person’ and describe ‘the head’ and ‘the gaze’ impersonally.”

The first requirement ensures that the LLM does not produce annotations based on simple

templates such as “The person’s gaze is 60 degrees upward”. The second and the third

requirements set limitations to the precision and the length of the annotations. I usually

describe gaze behavior roughly or accurately in di"erent scenarios. The two requirements

make LLM to generate only low-precision descriptions, such as “The person tilts the head

right, gazing up and left”. Besides, I design another two requirements which require LLM to

generate high-precision annotations:

“2. O!er precise direction descriptions with a clear extent;

3. Be concise, between 20 and 30 words;”

It allows LLM to generate detailed pose annotation like “The person gently rotated the head to

the right and deeply dipped it, whereas the gaze darted left before sharply descending, aligning

slightly o!-center”. In addition, human faces have many attributes such as gender and age.

To make the descriptions focused on describing pose, I set limitations to the narrative format
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Table 5.1: I present text descriptions from the ToG dataset. I define two levels of precision

and leverage LLMs to generate di"erent descriptions for each precision level. The last two

columns present the corresponding gaze and head labels.
Precision Descriptions Head label Gaze label

Low

The person’s head turns left, gaze shifts left and slightly up. (60→, 0→) (109→, 10→)

The person kept the head and the gaze straight ahead. (0→, 0→) (0→, 0→)

The person tilted the head right, directing the gaze sharply

downwards.

(↔70→, ↔70→) (↔115→, ↔20→)

High

The person’s head turns significantly left, remaining level,

while the gaze shifts sharply left and slightly upwards, indi-

cating keen interest or examination.

(60→, 0→) (109→, 10→)

The person maintained a direct, steady posture, with the

head and the gaze fixed straightforward, indicating intense

focus.

(0→, 0→) (0→, 0→)

The person directed the head significantly to the right and

downward, while the gaze extended far right, with a minimal

decline.

(↔70→, ↔70→) (↔115→, ↔20→)

with the fourth requirement. Another advantage is that I can easily replace the pronouns

in sentences like replacing "The person" with "The boy", "The girl", or "The farmer". It

expands the capability of our method for diversification.

To further expand the diversity of the dataset, I ask LLM to generate three di"erent

descriptions in high precision for each sample simply by adding "Please give me three di!erent

descriptions." to the prompt. I show some examples of di"erent precisions in Table 5.1. The

prompt encourages LLM to replace words, especially the ones describing the extent.

5.2.3 ToG Dataset

I utilize ChatGPT-4 Turbo for data generation. In total, I sample 23, 887 gaze values,

considering variations in both eye rotation and head rotation. For each gaze value, I
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Table 5.2: I list some text-image datasets in various tasks. Our work provides the first

text-gaze dataset ToG, containing large and diverse text descriptions.

Datasets Task #Texts

BABEL (Punnakkal et al., 2021) Text-Body 63,000

HumanML3D (Guo et al., 2022) Text-Body 44,970

PoseScipt (Delmas et al., 2022) Text-Body 300,000

Text2FaceGAN (Nasir et al., 2019) Text-Face 60,000

CelebAText-HQ (Sun et al., 2021) Text-Face 150,100

ToG (Ours) Text-Gaze 95,548

generated four descriptions, one with low precision and the other three with high precision

given that low-precision descriptions exhibit limited variability. Consequently, I obtained

four descriptions for each sample, resulting in a total of 95,548 annotations. Each sample in

our ToG dataset is denoted as {gi,hi,Ti}, where gi represents the gaze value, hi denotes

the head pose, and Ti is the text description.

I compare our ToG dataset with existing human-centered text-to-video/image datasets in

Table 5.2. BABEL (Punnakkal et al., 2021), HumanML3D (Guo et al., 2022), PoseScipt

(Delmas et al., 2022) focus on text pose generation. Text2FaceGAN (Nasir et al., 2019) and

CelebAText-HQ (Sun et al., 2021) are for text face generation. Our ToG dataset includes

over 90k text descriptions, making it comparable in size to existing datasets. However, unlike

existing datasets, ToG is specifically designed for text-guided gaze generation, addressing a

unique need that other datasets cannot fulfill.

To evaluate the generated dataset, I randomly select 20 samples from our ToG dataset.

I get the famous gaze dataset ETH-XGaze dataset (Zhang et al., 2020), which provides

corresponding gaze values and image pairs. I match each description with an image in
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Figure 5.2: Visualization of head and gaze scores of di"erent subjects.

ETH-XGaze dataset by finding the closet pose labels, i.e., gaze value and head pose. As the

result, I acquire image-text pairs.

I invited six users to rate the correspondence between text descriptions and images on a

hundred-point scale, with lower scores indicating poorer correspondence. Specifically, I asked

them to score the correspondence between the image and the text description of the head,

as well as between the image and the text description of the gaze. I show the head and

gaze scores from di"erent users in Fig. 5.2. The results show that both scores for head and

gaze are around 90 with small variances, which indicates that our text descriptions match

both head and gaze values well. The good results validate the quality and accuracy of the

generated data.

LLMs are famous for the great diversity of generated languages. Our dataset generated

by LLMs inherits this advantage. Our ToG dataset has 475 di"erent adverbs for extent

description. In contrast, the well-known text pose datasets BABEL (Punnakkal et al., 2021)

and PoseScipt (Delmas et al., 2022) only have 250 unique action categories and 87 unique

posecodes separately. I show some examples of extent description words in Table 5.3.
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Table 5.3: Examples of extent synonym in ToG.

Extent Synonym Examples in ToG

Slightly
mildly, faintly, subtly, marginally,

a little, a bit, gently, minimally, ...

Moderately
reasonably, medium, fairly, modestly,

somewhat, gradually, plainly, gracefully, ...

Significantly
considerably, substantially, notably, sharply,

seriously, majorly, vastly, heavily, ...

5.2.4 Budget E!ciency of the Generated Data

I compare the budget e!ciency against the manual annotation on Amazon Mechanical Turk.

According to the academic report (Hara et al., 2018), Amazon Mechanical Turk pays between

1 dollar and 6 dollars per hour for a typical Human Intelligence Task (HIT) task. In the

comparison, I use the lowest price which is 1 dollar per hour. I assume each worker can

annotate one pair of head pose and gaze directions with two text descriptions in one minute.

For LLMs annotation, I use ChatGPT4 Turbo. According to (OpenAI, 2024), 1 token is

approximately 0.75 words. The price is 0.01 dollars per 1K tokens for input and 0.03 dollars

per 1K tokens for output.

Based on the above price, I show the estimated cost of our annotation task using Amazon

Mechanical Turk and ChatGPT4 Turbo in Table 5.4. It indicates that using LLMs like

ChatGPT has better budget e!ciency than the manual annotation on Amazon Mechanical

Turk.
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Table 5.4: Comparison on costs.

Annotation Method Costs ($) ≃

Amazon Mechanical Turk 796.23

ChatGPT4 Turbo 114.02

5.3 Methodology

Given a text description T describing human gaze behavior, our objective is to generate face

images I that align with the description. In the previous section, I present the ToG dataset,

which provides paired data {gi,hi,Ti}. Additionally, I have an image dataset {Ii} containing

diverse face images. Matching face images with text descriptions is a challenge in this task.

While some gaze estimation datasets o"er paired data {gi,hi, Ii}, where the gaze labels are

obtained through calibration, these datasets typically lack diverse face appearances.

To tackle this challenge, I propose a two-stage text-to-face image generation method. Our

method contains a sketch-conditioned face di"usion module and a model-based sketch di"usion

model. I define a face sketch based on facial landmarks and eye segmentation, and the face

di"usion model generates face images from face sketch. Importantly, the model is trained

without gaze annotation. The sketch di"usion model, on the other hand, learns gaze patterns

from text descriptions. To convert the gaze pattern into a face sketch, I utilize a 3D face

model and compute the face region information based on eye and head rotation.

5.3.1 Text-to-Gaze Generation

I first build a di"usion model to learn gaze pattern from text description. In general, I

learn a di"usion model G, where {g,h} = G(T). I obtain feature embeddings from the text

description and propose a text attention module (TAM) to capture head and gaze information

in this section.
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Figure 5.3: The pipeline of TextGaze. The model operates in two stages: pose generation

and face generation.

Specifically, given a text T, I first convert it into feature embedding {f i
text, i = 1...L}, where

L is the length of T. I utilize CLIP (Radford et al., 2021) to obtain the embedding feature

for each word. To e"ectively extract pose information from the text, I propose the TAM.

Our main idea is to extract gaze-related and head-related text information from {f i
text}. In

particular, CLIP preserves feature similarity for two similar words due to contrastive learning.

I acquire additional word embedding for the words ‘gaze’ and ‘head’ via CLIP, denoted

as fgaze and fhead respectively. These embeddings are used to aggregate gaze-related and

head-related information from f
i
word. TAM is consisted of two cross-attention modules and

one self-attention module. The inputs of the two cross-attention modules are {fgaze, f i
text}

and {fhead, f i
text} respectively, allowing them to aggregate text features related to gaze and

head. Additionally, I input {f i
text} into a self-attention module to extract sentence feature.

TAM combines the three extracted features as the output, which are then used as conditions

to generate gaze and head via di"usion models.
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The di"usion model G generates {g,h} from T. I then convert the gaze information into an

intermediate representation, face sketch, for face image generation. In detail, I leverage the

3D face model FLAME (Li et al., 2017) in our work. I rotate the 3D face model based on

{g,h} and project it into 2D space. I acquire 2D landmarks and connect these landmarks of

di"erent region to generate face sketch. Considering the importance of eye region, I highlight

the eye region and pupil using di"erent values. I will explain the advantage of the face sketch

in the next section.

5.3.2 Gaze-Controllable Face Generation

I aim to generate face images using gaze information {g,h}. Gaze redirection methods

directly input gaze information as a condition and generate satisfied images. However, it

means I need paired data {g,h, I} for training. In this section, I first convert gaze information

into face sketches using a 3D face model and then perform face-sketched condition face

generation. This pipeline enables us to perform gaze-controllable face generation without a

gaze label.

As shown in Fig. 5.3, the face sketch is made of facial layout landmarks and iris segmentation,

which give information on head pose and gaze direction. I use the segmentation map to

highlight the eye region since the eye region is important for the gaze-controllable generation.

More concretely, given an image I, I perform facial landmark detection and eye segmentation

on I (Bulat et al., 2017; Park et al., 2018b). I connect landmarks and combine it with

eye segmentation to produce a face sketch. As the result, I obtain the paired data {I, Is},

where Is represents the face sketch. I use the data to train a conditional di"usion model for

gaze-controllable face generation.

I use ControlNet (Zhang et al., 2023) to generate face images from facial sketches. I learn

the marginal distribution of face image I conditioned on the sketch Isketch.
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L = Ez0,t,ct,cf ,ε↔N (0,1) [⇒⇀↔ ⇀ω (zt, t, ct, cf)) ⇒22
]

(5.1)

I use Eq. (5.1) as the objective function while I learn added noise ⇀ rather than image

x0. I also fix the Stable Di"usion as the backbone and only train the control module in

training (Zhang et al., 2023).

In the inference stage, given gaze information {g,h}, I leverage a 3D face model to generate

the face sketch. I rotate the 3D face model based on {g,h} and project it into 2D space. I

acquire 2D face and eye landmarks, and then connect them for face sketching. I also highlight

the eye region as an eye segmentation map based on eye landmarks.

5.3.3 Implementation Details

Our proposed baseline is implemented by Pytorch. I generate 256 → 256 image from the

text description. I use ControlNet (Zhang et al., 2023) as the di"usion model for face image

generation. I use a transformer with 6 layers 8 heads for all three branches in the conditioning

part of the Text-to-Gaze di"usion model. The Text-to-Gaze di"usion model is built based

on Latent Di"usion Model (Rombach et al., 2022). I adopt the Adam optimizer and the

learning rate of 1.0e-06 for training the two models. I use a batch size of 8 with 20 epochs for

the face di"usion model and a batch size of 16 with 10 epochs for the text-to-gaze di"usion

model. I use Stable Di"usion v2.1 as the backbone in the face di"usion model. I train the

face di"usion model and the text-to-gaze di"usion model for 24 hours and 7 hours separately

on one RTX 3090 GPU.
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5.4 Experiment

5.4.1 Datasets

ToG Dataset. I divide our ToG dataset into a training set and a test set. The training set

ratio is 0.9. I use the training set to train the text-to-gaze generation model.

FFHQ Dataset. The face generation model undergoes training utilizing the FFHQ dataset

(Karras et al., 2019), a collection of 70,000 superior-quality facial images sourced from the

internet, frequently employed in generative model training (Karras et al., 2019; Rombach

et al., 2022). FFHQ’s native resolution stands at 1024 × 1024, while our experiments employ

its images resized to 256 × 256. I get the style prompts of FFHQ dataset with BLIP (Li

et al., 2022b). To evaluate our model, I split the FFHQ dataset into a training part and a

test part. The training part ratio is 0.9.

Sketch Generation. The generated sketch includes face layout landmarks and iris segmen-

tation. I get face landmarks using face-alignment (Bulat et al., 2017). I get iris landmarks

and eyelid landmarks with the eye landmark detector (Park et al., 2018b). I connect the

landmarks of di"erent parts and make it a sketch. I further mask out the invisible iris region

with eyelid landmarks to generate a realistic sketch. I use the sketches generated from a 3D

face model in the reference stage. To mitigate the gap between the sketches in the training

stage and the inference stage, I align the sketches by setting the camera parameters in the

3D face model same as FFHQ dataset. Specifically, I first get the camera parameters used

in FFHQ dataset by fitting the images to the face model and then fix the parameters when

generating new sketches.
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5.4.2 Comparison on Text-Guided Generation

Baselines. The existing text-to-image generation methods (Esser et al., 2021; Ramesh et al.,

2022) are not optimized specifically for gaze image generation. As far as I know, we are

the first work to do gaze-controllable face generation with natural language. To make a fair

comparison, I first match the images in the FFHQ training set with the text descriptions

in our ToG dataset and then train a latent di"usion model (LDM) (Esser et al., 2021) and

a ControlNet model (Zhang et al., 2023) using the matched data. Specifically, I apply a

pre-trained pose estimator to gauge head poses and gaze directions on FFHQ’s training set

(Zheng et al., 2020). Then I find the closest pose labels and the corresponding descriptions

to the estimated ones. Finally, I match the selected descriptions with the images to get

the training data. For the LDM model, I combine the pose descriptions with the style

prompts as the input. The LDM model is trained from scratch. For the ControlNet model,

I input the style prompt as (Zhang et al., 2023) and adopt the control network to accept

the pose descriptions as the additional input condition. The ControlNet model also uses

Stable Di"usion v2.1 as the backbone. Both models are trained with a batch size of 8 in an

end-to-end way for 30 epochs.

Metrics. I report the standard evaluation metrics Inception Score (IS) (Salimans et al.,

2016), Fréchet Inception Distance (FID) and Kernel Inception Distance (KID) (Heusel et al.,

2017) on the FFHQ test set to evaluate the quality of generated images. I report KID* which

is 1000 x KID to make a more precise comparison. I also report CLIP scores (Radford et al.,

2021) on the same data to evaluate the correlation between prompts and generated images. I

use DDIM as the sampler and use 50 steps to sample each image. I calculate FID and KID

metrics on FFHQ test set. I combine style prompt and pose description as one prompt when

calculating CLIP scores. I further perform a user study to evaluate our model’s e"ectiveness.

I randomly chose 20 generated images with the same pose prompts for our model, ControlNet,

and LDM. I get 20 sets with a total of 60 images. Twelve independent blinded users were
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Gaze Description Ours ControlNet LDM Gaze Description Ours ControlNet LDM

“The person mildly rotates the 
head right and elevates it, while 
the gaze veers right markedly 

and descends gently.”

“The person's head and eyes part 
ways; the head leans modestly 
leftward and upward, whereas 
the gaze sweeps right, declining

almost imperceptibly.”

“The person tilts the head left, 
upward, while the gaze shifts 

right, slightly up.”

“The person gently angles the 
head left and elevates it, while 

the gaze sweeps more 
pronouncedly to the left, staying 

horizontally even.”

“The person tilts the head left, 
while the gaze drifts right-

upward.”

“The person slightly turns the 
head to the left while tilting it 

downward significantly, keeping 
the gaze straight ahead.”

“The person slightly turns the 
head to the right, then tilts it 

upwards, while the gaze shifts 
notably left, then modestly up.”

“The person tilted the head and 
gaze slightly rightward.”

“The person subtly shifts the 
head to the right, ensuring it 

remains even, directs the gaze
forward.”

“The person's head turns slightly 
right, the gaze angles up sharply.”

“The person's head subtly rotates 
leftward and dips slightly, while 
the gaze drifts left with a slight 

upward inclination.”

“The person's head and eyes 
drifted rightward, dipping

slightly together; however, the 
gaze straightened, focusing 

directly ahead without vertical 
movement.”

Figure 5.4: Visualization of generated images from our model and two baselines (ControlNet

and LDM). I show 12 sets of comparisons. In each set, pose description is listed on the left

and the images generated by our model, ControlNet, and LDM are listed side by side on the

right. "head", "gaze" and directional words are highlighted for better visualization.

invited to join the study and they were shown 20 side-by-side images each generated by our

model, ControlNet, and LDM. The users were given the task of selecting the image which

matches the given descriptions best in terms of gaze direction and head pose separately. If

none of the images matches the description, the user could select a “None” option. I report

user preferences for head and gaze according to the user study. Note that CLIP model is not

optimized specifically for precise pose descriptions. Therefore, CLIP score does not reveal

how well the generated images match the pose descriptions. I deem that the user preferences

for gaze and head alignment from the user study are more suitable metrics for our work.

Qualitative Results. The qualitative results are shown in Fig. 5.4. I give 12 sets of images
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and their pose descriptions. Thanks to the capability of ControlNet, our model can also

control the style of the generated images. I split the samples into three style collections

for better visualization. The pose descriptions and the images are listed side by side. All

three models can generate meaningful face images. The images generated by our model and

ControlNet are of good quality while the results of LDM have some artifacts. It is because

our model and ControlNet only trained an additional network to add additional conditions

leaving the Stable Di"usion backbone unchanged. Therefore, they always generate images

with a similar quality to Stable Di"usion. However, the whole LDM model is optimized in

the training, which might make the model easily overfit the training data and unstable. Even

though the generated images from ControlNet and LDM are meaningful, they do not follow

the head pose, gaze direction, or both depicted in the input text. Both baseline models

can generate various head poses and gaze while the contents are not related to the text

descriptions. Their disability to render correct gaze images under text instructions shows that

capturing geometric information from text descriptions directly is hard. To solve the problem,

I design two stages including pose generation and face generation. The pose generation model

estimates the head pose and gaze direction from text and transfers the pose information to

face sketches explicitly through a 3D face model. The face generation model takes the face

sketches as input and renders face images. The two-stage design alleviates the di!culty of

direct matching between text and images. As shown in the results, our generated images

e"ectively capture the head and gaze information and maintain good quality simultaneously.

Quantitative Results. I show the quantitative results in Table 5.5. Our model achieves

the best performance on Inception Score and KID and comparable performance on FID

compared with the other two baselines. It indicates that our model can generate high-quality

face images with the additional eye-controllable function. Our model achieves a comparable

result on CLIP score with ControlNet while outperforming LDM by a large margin. I show

the user preferences for head and gaze in the last two columns. The results demonstrate
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Table 5.5: Comparison to other SOTA methods on the FFHQ dataset in terms of image

quality (IS, FID, KID), correspondence of text and image (CLIP-score, User Preference for

Head and Gaze). KID* and UP stands for KIDx1000 and User Preference. Bold indicates

the best number.
Method IS ↘ FID ≃ KID* ≃ CLIP-score ↘ UP (Head) ↘ UP (Gaze) ↘

LDM 3.89 55.45 45.34 27.36 0.07± 0.07 0.05± 0.05

ControlNet 7.11 61.67 35.94 30.84 0.11 ± 0.07 0.11 ± 0.10

Ours 7.22 59.91 35.73 30.63 0.76 ± 0.16 0.75 ± 0.20

that users predominantly prefer our generated images, which consistently align well with the

provided pose descriptions.

The good performance is attributed to our newly designed two-step image generation. Our

high-performance two-step image generation process starts with obtaining predicted head

pose and gaze directions using our text-to-pose model, trained on the ToG dataset. This

model e"ectively extracts gaze and head pose information from text, generating them within

a reasonable range. I then use the FLAME model to simulate head and eyeball rotations,

producing a rotated 3D face model for sketch generation. In the second stage, I use a di"usion

model trained with ControlNet to generate images that accurately incorporate the predicted

head pose and gaze data. This ensures that the head and gaze details are consistently

preserved from the initial text description through to the final images.

5.4.3 Ablation Study

Verification of Face Sketch. I advocate for the use of face sketches in facial generation

due to the scarcity of gaze labels. To verify the e"ectiveness of our face sketch, I applied a

pre-trained VGG-based gaze estimator to determine head poses and gaze directions on the

FFHQ training subset. I adapted the condition encoding segment of a ControlNet model to
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GT SGM (Ours) LGM GT SGM (Ours) LGMSketch Sketch

Figure 5.5: Visualization of results from Label-Guided Model and Sketch-Guided Model.

Table 5.6: Comparison of LGM and SGM in terms of head error and gaze error in degree on

the test set of FFHQ dataset.

Method Head ≃ Gaze ≃

LGM 4.37 4.79

SGM (ours) 3.62 4.35

accept pose inputs, keeping other components intact. Subsequently, I developed a label-guided

model. I refer to the label-guided model as LGM and our sketch-guided model as SGM.

LGM is trained on the FFHQ training set with estimated pose labels. Similar to our face

generation model, it is trained with a batch size of 8 for 20 epochs. I evaluate the models on

the FFHQ test set.

I show the qualitative comparison with our sketch-guided model in Fig. 5.5. The label-guided

model shows limited control of head pose and gaze direction in the generation. I estimate the

head poses and gaze directions of the generated images from the two models using another

pre-trained ResNet50 (He et al., 2016)-based gaze estimator from (Zheng et al., 2020). I

calculate the head error and gaze error in degree and report them in Table 5.6. The results
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Table 5.7: Ablation on TAM module in terms of generated head error and generated gaze

error in degree on the test set of ToG dataset.

Method Generated Head ≃ Generated Gaze ≃

w/o TAM 16.94 21.62

w/ TAM (concat) 15.45 20.28

w/ TAM (add) 15.23 20.00

show that our sketch-guided model generates images with higher accuracy in head pose and

gaze direction. These results underscore the e!cacy of our approach, confirming the validity

of our choice to rely on sketch-guided modeling.

Verification of Text Attention Module. To show the e"ect of our designed text attention

module, I train a pose generation model with only a self-attention module under the same

training settings for comparison. I further test two di"erent ways (adding and concatenation)

to fuse the features from di"erent branches. I report the generated angle errors on the test

set of our ToG dataset. The angle errors are calculated via cosine similarity between the

estimated poses and ground truth poses. I show the results in Table 5.7 The two models

with TAM get comparable results and achieve better performance compared with the pure

self-attention model. The results indicate that our TAM is more e"ective in capturing pose

information from text descriptions.

5.4.4 Controlling Shape and Expression

Thanks to our sketch-guided model and the 3D face model, I can control the face shape

and expression by changing the input sketches by interpolating the shape and expression

code of the 3D face model. I show the visualization results in Fig. 5.6. This demonstrates

that our model can generate faces with varying shapes and expressions while preserving

consistent head poses and gaze directions. Such versatility significantly enhances the potential
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Slim ChubbyNormal Serious Happy Surprised

Shape Expression

Figure 5.6: Interpolation of shape and expression.

applications of our model, making it suitable for diverse fields.

5.4.5 Generation with Di"erent Roll Angles

Human eye movement is typically represented by (Yaw, Pitch) since the eyeball has no

freedom in the roll axis, and I maintain consistency with head representation. However,

our model is capable of generating face images with di"erent roll angles of the head. I can

perform roll rotation on the face model and generate the corresponding face sketch. I do

not need to re-train the face di"usion model, as the network is trained using detected face

sketches and the face image dataset includes roll rotations. An example is shown in Fig. 5.7.

Figure 5.7: Generated results under di"erent roll angles.

5.4.6 Identity Control

Our existing method enables identity-controllable generation using two text inputs without

re-training: one for gaze control and one for identity control. This capability arises from our

use of the face sketch as an intermediate representation. Consequently, the face di"usion
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network generates the face image conditioned on face sketches. I inject this condition into an

existing model rather than retraining a new one. The original network uses one text input for

generating di"erent face appearances, while our additional face sketch condition maintains

gaze control. I use di"erent identity texts with the same gaze text and show the results in

Fig. 5.8.

a man wearing 
a tie and a jacket

smiling man wearing 
a blue hat with blue shirt

a woman wearing 
a pink hat and a pink jacket

a man with 
a mustache and a blue shirt

smiling woman with 
black hair and a white shirt

Figure 5.8: Generated results with di"erent identities.

5.4.7 Comparison with Other SOTA Face Generation Models

IP-Adapter (Ye et al., 2023a) and PhotoMaker (Li et al., 2024) are two SOTA face generation

models. To make our results more convincing, I conduct an additional comparison with these

two methods. The head/gaze user preferences for our model, PhotoMaker and IP-Adapter

are 0.79/0.83, 0.20/0.13, 0.01/0.03 separately. It is clear that they cannot achieve the gaze

control. Besides, the FIDs (≃) for the three models are 59.91, 65.05, and 68.90. Our model

achieves the best performance on generated image quality. In fact, conventional text-to-image

methods, even in the face generation domain, have not addressed the problem of gaze control.

Our work is the first to explore it and naturally achieves the best performance.

5.4.8 Additional Qualitative Results

The additional results of our model are presented in Fig. 5.9. It contains 12 sets of results

including text description and generated image. They are in three di"erent styles. For better

visualization, I annotate the possible gaze directions using the green sector and the head
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“The person smoothly directs 
the head leftward, with a modest 

upward tilt, whereas the gaze
drifts more pronouncedly left

without any vertical deviation.”

Gaze Description Ours Gaze Description Ours

“The person positions the head
straight, elevating it modestly, as 
the gaze shifts subtly rightward

and markedly upward.”

“The person keeps the head
neutral while tilting the gaze
slightly up, aligning both the 

head and gaze directly ahead.”

“The person held the head steady, 
elevating the gaze modestly, 
afterward directing the gaze

right without altering the head's 
initial stance.”

“The person's head pivoted 
gently leftward without tilting, 

while the gaze ascended, drawing 
a diagonal line upwards towards 

the left corner.”

“The person nods slightly 
upwards, the head and gaze

drifting oppositely.”

“The person's head and gaze
moved left, but while the head
remained horizontally straight, 
the gaze dipped slightly below 

the horizon.”

“The person's head remained 
stationary,  then the gaze
swiveled left significantly, 
accompanied by a slight 

elevation.”

“The person's head turned 
marginally right, staying level, as 
the gaze moved markedly to the 

right.”

“The person tilts the head up, 
shifting the gaze slightly right.”

“The person slightly turned the 
head to the left while dipping 
downward, as the gaze shifted 

significantly further left, 
remaining horizontally level.”

“The person subtly turned the 
head to the right and looked 

down, while the gaze intensified 
further right without moving 

upward or downward.”

Figure 5.9: Additional qualitative results. It includes 12 result sets, each with a text

description and a generated image in three styles. Gaze directions are annotated with a

green sector, and head direction is marked with a blue arrow indicating left/right. Please

refer to the text for head pose in the vertical direction. The alignment between descriptions

and images demonstrates the model’s e"ectiveness. The blue arrow only shows left/right

direction.
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direction with a blue arrow same as the main chapter. Please note the blue arrow only shows

left/right direction. Please refer to the text for head pose in the vertical direction. The close

alignment of the text descriptions with the generated images demonstrates the e"ectiveness

of our model.

5.4.9 Discussion

Di!usion Model vs. Physical Model-Based System. Instead of directly employing

a physical model-based system, such as FLAME (Li et al., 2017), I developed a sketch-

guided di"usion model to generate the final result. Hair generation using physical model-

based systems encounters significant challenges, including high computational costs arising

from complex numerical calculations, sensitivity to various physical parameters requiring

meticulous tuning, and computationally intensive collision detection that frequently leads

to visual artifacts (Ward et al., 2007; Müller et al., 2005). Furthermore, there remains a

notable gap in realism between images synthesized by physical model-based systems and

actual photographs. In contrast, the sketch-guided di"usion model I employed leverages

extensive training on large-scale image datasets containing abundant real-world examples,

thus enabling the generation of high-quality and realistic hair.

Face Sketch vs. Face Landmarks. The face sketch utilized in this work consists of

facial layout lines and a segmentation map of the iris, which is highlighted with distinct

colors. The primary di"erence between a face sketch and face landmarks is that the former is

composed of continuous lines, while the latter is represented by discrete landmark points.

As a guidance signal, lines provide richer spatial information regarding the facial structure,

whereas landmarks o"er only sparse and localized guidance. Consequently, face sketches

yield superior performance in generating the facial region due to their clearer and more

comprehensive guidance compared to the sparse nature of face landmarks.

99



Gaze-Controllable Face Generation with Nature Language

5.5 Future Work

Analysing and Mitigating the Bias of Synthetic Datasets. While large language

models (LLMs) serve as powerful tools for generating extensive synthetic textual datasets,

facilitating research by mitigating issues of data scarcity and privacy concerns, it is crucial to

acknowledge that these generated datasets may inadvertently inherit, amplify, or introduce

biases stemming from their training corpus or intrinsic generative mechanisms (Sheng et al.,

2019; Yeh et al., 2023; Lin et al., 2024). Specifically, biases related to demographic attributes,

linguistic representations, or cultural stereotypes may manifest subtly within the synthetic

text produced by LLMs. Consequently, future research should systematically analyze such

biases through rigorous statistical assessments (Sun et al., 2024), intersectional analyses across

multiple demographic and contextual dimensions (Ma et al., 2023), and the deployment of

interpretability methods (e.g., attention visualization, causal inference, or feature attribution)

(Linardatos et al., 2020) to precisely identify their origins. Additionally, dedicated mitigation

strategies must be explored, including bias-aware fine-tuning of LLMs, strategically balanced

prompt design, targeted data augmentation techniques, algorithmic post-processing to correct

biases, and the incorporation of human-in-the-loop evaluations for nuanced quality assurance.

Proactively addressing these considerations will significantly enhance the fairness, reliability,

ethical validity, and societal acceptance of textual datasets synthesized by generative language

models.

Identity Preservation and 3D Lifting. TextGaze is a prototype for language-guided eye-

controllable face generation. Even though it realizes the basic function of controlling gaze with

natural language, it can not control the identity of generated faces and the generated results

are in 2D not 3D. For now, TextGaze allows style controlling through additional prompts

like Stable Di"usion, but it can not fix the identities for generations. Controlling identities

is important in many personalized applications. It has been shown that the intermediate

features of di"usion models have exceptional communication capabilities, allowing for pixel-
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level fine control over images (Xie et al., 2024; Chang et al., 2023). Therefore, incorporating

a di"usion-based appearance reference module could be an e"ective solution for controlling

identity. On the other hand, 3D consistency is crucial for many immersive applications, such

as the metaverse and online conferences. Generating 2D images separately can diminish

the realism of the scene. Combining 3D face generation with natural language guidance

is a promising direction, as it not only maintains strong 3D consistency but also enhances

usage convenience through language control. Recent advancements in text-to-3D generation

o"er potential solutions for this task. For instance, Bai et al. (2025) integrate text prompts

as conditions to modify generated 3D portraits, using a cross-attention module inspired by

Stable Di"usion. 3D-aware gaze-controllable face generation with language guidance could

be similarly achieved by adapting such techniques.

5.6 Conclusion

In this chapter, I introduce an innovative task of gaze-controllable face generation, driven

by textual descriptions of human gaze behaviors. I present the pioneering text-to-gaze

dataset, featuring over 90k descriptions that align with various gaze behaviors. This dataset

encompasses a wide range of gaze directions, enriched by diverse natural language annotations

derived from Large Language Models (LLMs). Building upon this dataset, I develop a

novel two-stage face di"usion model. Initially, I create detailed face sketches, which are

then transformed into face images using conditional di"usion models. Additionally, our

approach infers face sketches from text descriptions, incorporating a 3D face model prior.

Significantly, our method operates without the need for explicit gaze annotations and can

generate gaze-controllable face images e"ectively. The e!cacy of the proposed approach is

further demonstrated through experiments conducted on the FFHQ dataset.
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Chapter Six

Discussion and Conclusion

To make gaze-controllable face generation widely applicable, I address the challenges faced

in quality, speed, and usability. 1) It is hard to model both rigid eyeball rotation

and non-rigid eyelid deformation in a unified 3D representation. A unified 3D face

representation ensures 3D consistency in gaze-controllable face generation but poses challenges

in modeling both rigid eyeball rotation and non-rigid eyelid deformation. Eyeball rotation

involves simple rigid transformations, while eyelid deformation is complex and non-rigid,

relying on muscle motion and skin flexibility. I have shown that a unified rotation-aware

face NeRF model on the canonical space can render high-fidelity face images from novel

viewpoints and eye poses. It achieves superior 3D consistency and natural deformation in eye

regions. 2) The inference of 3D gaze-controllable generation models is still far from

being real-time. For gaze-controllable face generation, creating natural and realistic images

is not enough and slow processing also limits its practical use. 2D-based methods lack 3D

consistency, while 3D-based methods are too slow. Many applications, like immersive games

and the metaverse, need both real-time speed and good 3D consistency. I have shown that

3D-aware gaze-controllable face generation can achieve real-time performance by employing

an e!cient triplane-based NeRF architecture and distilling the prior knowledge from 3D

GANs into a lightweight module. 3) Using explicit gaze labels to control gaze is
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inconvenient for general use. Convenience is crucial for the adoption of gaze-controllable

face generation. While gaze angles are precise and useful for tasks like gaze estimation,

natural language is more intuitive for most users. Exact gaze orientation is often unnecessary;

an acceptable range su!ces, and language-based input allows for easy refinement of results

if needed. I have developed a gaze-controllable face-generation system guided by natural

language and shown the e"ectiveness of language on this task.

6.1 Contributions

The primary contributions of my work are outlined as follows:

High-Fidelity Generation Quality. In Chapter 3, I propose DeNeRF, a high-fidelity

eye-controllable face NeRF model that learns a unified representation for both rigid and

non-rigid transformations in the eye region. DeNeRF generates high-quality images with

precise eyeball rotation and realistic periocular deformations, even from novel viewing angles,

achieving a significant improvement over state-of-the-art methods.

Real-Time Inference Speed. In Chapter 4, I present LiveGaze, a real-time 3D-aware

gaze redirection module capable of generating 3D faces with controllable eyes from a single

image. It is the first method to achieve real-time performance in 3D-aware gaze redirection.

Language-Guided Usability. In Chapter 5, I introduce TextGaze, a language-guided

eye-controllable face generation model. It is the first approach to enable gaze control using

natural language. Additionally, I propose the first text-to-gaze dataset to incorporate textual

descriptions into gaze-controllable face generation.
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6.2 Limitations

Even though my work achieves great improvement in quality, speed, and usability, limitations

remain in this area.

First, while LiveGaze excels at generating photorealistic gaze-redirected face images in real

time, it encounters challenges under certain conditions, such as varying lighting and the

presence of glasses. In low-light environments, the model may mistakenly interpret faces

with darker tones as belonging to di"erent individuals. This is because the environmental

elements are not well disentangled from gaze redirection. Additionally, its performance is

a"ected when handling faces with glasses, as it struggles to reconstruct the glasses accurately,

leading to interference in generating the eye region.

Second, I show the ToG dataset in Chapter 5. Our dataset boasts an extensive collection

of gaze descriptions, yet it falls short in diversity when compared to human annotations.

Despite implementing diverse criteria for precision, length, and sequence in the generation of

descriptions, there is a noticeable uniformity in style across the generated content. Beyond

using directional words for pose description, there are numerous alternative methods like

reference objects and metaphors. Investigating the potential of Large Language Models

(LLMs) to produce a variety of descriptions, including metaphors and diverse reference points,

presents a promising avenue for future research. For example, people often use environmental

references like the sky, floor, or ceiling to indicate directions, and professionals from di"erent

fields tend to have unique descriptive preferences. However, our dataset encompasses only a

limited range of these reference objects. Additionally, metaphorical language is a prevalent

tool in describing poses, yet our dataset scarcely incorporates such metaphors.
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6.3 Future Work

Despite the limitations mentioned above, I believe my work has achieved promising results

and has paved the way for future research opportunities.

6.3.1 Compositional Animation of Eye Region

In Chapter 3, I address both the rigid rotation of the eyeball and the non-rigid deformation

of the periocular region, particularly the deformation of the eyelids. To this end, I propose

a unified NeRF-based representation capable of modeling the animation of the entire eye

region. Similarly, EyeNeRF (Li et al., 2022a) and GazeNeRF (Ruzzi et al., 2023) decompose

eye-region deformation into rigid eyeball rotation and non-rigid periocular deformation.

EyeNeRF employs an explicit 3D eyeball model to isolate the eyeballs from other facial

components, applying rigid transformations to the eyeballs while learning a warping field

via neural networks to capture non-rigid deformation. GazeNeRF introduces a two-stream

MLP architecture to process the eyeballs and the surrounding facial regions separately, and

explicitly applies gaze rotation matrices to the learned eyeball features.

However, as one of the most intricate facial regions, the eye area comprises not only the

eyeball and eyelids but also the eyebrows and eyelashes. The deformation of the eyebrows and

eyelashes di"ers fundamentally from that of the eyeball and eyelids, as they are composed of

hair and are simultaneously influenced by the deformation of the underlying skin. Given the

distinct attributes of the eyeballs, eyelids, eyebrows, and eyelashes, employing specifically

designed representations in a compositional framework allows for more accurate modeling of

their respective animations, better capturing their unique characteristics and enhancing the

realism of gaze-controllable facial generation.

Li et al. (2023) introduce the first learning-based framework for single-view 3D eyebrow recon-

struction, representing the eyebrow as a set of fiber curves and formulating the reconstruction
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task as a fiber growth problem. This approach enables the modeling of diverse eyebrow styles

and lengths, ranging from short and sparse to long and bushy. Moreover, this framework

holds the potential for extending to the modeling of eyelashes.

6.3.2 Generation without Finetuning

Finetuning is crucial for existing gaze-controllable face generation models to maintain accurate

identity preservation. Personalized models, such as EyeNeRF (Li et al., 2022a) and my own

work DeNeRF, require multi-view images and extensive finetuning to adapt to new subjects.

However, this adaptation typically takes hours, and acquiring multi-view data for individual

subjects is challenging in practice.

Generalized models, including GazeNeRF (Ruzzi et al., 2023) and my recent work LiveGaze,

are trained on datasets encompassing diverse subjects. Yet, these models also necessitate

finetuning to perform well on new individuals. Specifically, GazeNeRF involves a time-

consuming inversion step to obtain personalized latent codes as input. LiveGaze partially

addresses this issue by employing a lightweight model for feed-forward processing of a single

image, though a brief finetuning phase is still required to fully retain identity details. This

ongoing dependency on finetuning hinders the widespread adoption of gaze-controllable face

generation methods.

Eliminating the need for finetuning calls for models with strong generalization capabilities. Re-

cent studies have demonstrated that training 3D reconstruction models on large-scale datasets

significantly enhances their generalization (Hong et al., 2023; Yang et al., 2025; Kirschstein

et al., 2025; Wang et al., 2025). These methods leverage highly scalable transformer-based

architectures combined with extensive training data, resulting in powerful, generalized models.

Likewise, training gaze-controllable face generation models on large-scale datasets containing

numerous identities may e"ectively eliminate the necessity for finetuning, promoting practical

106



Discussion and Conclusion

and widespread usability.

6.4 Final Remarks

The field of gaze-controllable face generation has seen rapid advancements in recent years,

driven by breakthroughs in deep generative models. These techniques have provided many

possibilities for gaze-controllable face generation, enabling improvements in generation quality,

inference speed, and user experience. My work contributes to this progress by addressing key

challenges in the field.

I develop a high-fidelity face NeRF model with controllable eyes, significantly enhancing

image quality. Additionally, I introduce a real-time gaze redirection model that achieves

real-time performance as well as high-quality image generation. To improve usability, I

propose a language-guided model specifically designed for gaze-controllable face generation.

I believe this dissertation advances the field by presenting novel methodologies and addressing

existing limitations. The findings not only enhance our understanding of gaze behavior in

human-computer interaction but also open pathways for future research in areas like virtual

reality, accessibility technologies, and personalized user experiences.
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