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Controllable Gaze and Head-Pose Redirection via Latent Disentanglement in Con-
volutional Autoencoders
Eric Blohm, Nadav Harari
Department of Electrical Engineering
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Abstract
Driver Monitoring Systems (DMS) increasingly rely on gaze and head pose estima-
tion to assess driver attention and detect unsafe states. However, existing datasets
are dominated by common driving patterns while rare yet safety-critical behaviors
occur irregularly and are difficult to capture systematically. This motivates the use
of synthetic and controllable image generation to improve robustness and validation.

This thesis investigates whether gaze direction and head pose can be controllably
manipulated in image space through autoencoder-based latent disentanglement. A
custom data collection procedure is developed to enable dense and geometrically
consistent supervision of gaze and head pose, supporting controlled learning of la-
tent factors. Based on this data, convolutional autoencoders are trained using a
latent-swapping strategy and explicit label supervision to encode gaze and head
pose into interpretable latent dimensions. In addition, a Laplacian-based edge loss
is introduced to improve preservation of high-frequency image details.

The results demonstrate consistent and interpretable control of gaze and head pose
within the training distribution. The model achieves high reconstruction quality
and preserves fine-scale features such as corneal reflections, verified through a ded-
icated detection pipeline. For unseen identities, coherent eye-region structure and
meaningful gaze and head pose variations are retained, though distortions in other
image regions and lower evaluation scores reveal limited out-of-distribution general-
ization. The results highlight both the potential and the limitations of deterministic
autoencoders, motivating future work on improved realism and generalization.

Keywords: Deep learning, Autoencoder, DMS, Latent Control, Gaze, Image Gener-
ation, Latent Disentanglement.
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1
Introduction

Modern vehicle safety increasingly depends not only on understanding the external
driving environment but also on accurately interpreting the state of the driver. In
this context, in-cabin sensing, and in particular driver monitoring systems (DMS),
has emerged as a critical component of advanced safety systems. According to the
World Health Organization (WHO), approximately 1.19 million people die each year
as a result of road traffic crashes [37]. Driver-related factors such as impairment,
distraction, and fatigue substantially contribute to this crash risk. In Sweden, 48
people were killed in alcohol- or drug-related traffic crashes in 2024, corresponding
to 23% of all road fatalities [4], while in the United States, alcohol-impaired driv-
ing accounted for 12,429 fatalities in 2023, representing 30% of all traffic deaths
[3]. Moreover, fatigue is associated with elevated crash risk, with a meta-analysis
summarized by the European Road Safety Observatory estimating an average in-
crease in risk of about 29% [36]. Distraction is also a major contributor to crash
risk. For example, using a mobile phone while driving is associated with a crash risk
approximately four times higher than driving without phone use [37]. Given these
statistics, recent focus has increasingly shifted toward in-cabin technologies such as
driver monitoring systems (DMS), which observe driver behavior and state to detect
unsafe conditions and provide timely warnings or assistance.

1.1 In-Cabin Safety and DMS
In-cabin safety refers to vehicle functions that sense and mitigate safety-critical
conditions originating from within the passenger compartment rather than from the
external traffic scene. In contrast to outward-facing perception, in-cabin systems
address risks related to the human driver and the in-vehicle occupants. These risks
include reduced driving ability due to fatigue, distraction, or impairment, as well
as occupant-related factors such as seating position, restraint use, and presence of
passengers. Euro NCAP’s assessment framework reflects this division by explicitly
covering both occupant status monitoring and driver state monitoring as relevant
parts of Safety Assist evaluations, indicating that in-cabin sensing is treated as a
distinct and increasingly important safety domain [5].

A DMS is an in-cabin sensing system designed to estimate driver state and driver
behavior and, when necessary, trigger warnings or support actions. Conceptually,
a DMS can be described as a pipeline consisting of in-cabin sensing, interpreta-
tion of driver cues, and a vehicle response strategy. Road-safety literature supports

1



1. Introduction

the relevance of such warning and assistance functions. For example, reports from
the European Road Safety Observatory show that fatigue increases crash risk and
identify warning systems and vehicle technologies as promising countermeasures [36].

While DMS focuses on the driver, in-cabin safety also includes Occupant Monitoring
Systems (OMS). This includes seat belt reminders, occupancy detection, and other
occupant-status monitoring features that support passive safety decisions. Euro
NCAP’s protocols treat these areas separately from driver monitoring, yet they share
technologies such as in-cabin cameras, illumination design, and robust perception
under occluded or night-time conditions [5]. This shared technological foundation
motivates a unified discussion of in-cabin sensing, even when the functional goals
differ.

1.1.1 Increased Attention to DMS
The relevance of DMS has increased in recent years due to both safety incentives and
regulatory developments. On the regulatory side, the European Union’s General
Safety Regulation introduces requirements for advanced safety systems, including
driver-related warning functions [35]. The technical and test requirements for driver
drowsiness and attention warning systems are specified in Commission Delegated
Regulation (EU) 2021/1341 [9], and the corresponding requirements for advanced
driver distraction warning systems are specified in Commission Delegated Regula-
tion (EU) 2023/2590 [10]. Together, these documents show that driver state and
attention are not only research topics but also part of formal safety requirements in
modern vehicles [9, 10].

In parallel, consumer safety rating programs increase industry incentives to imple-
ment robust driver monitoring. With Euro NCAP including Driver State Monitoring
as part of its safety assessment protocol, the availability and performance of such
systems will influence the safety scoring [5]. Technical publications describing Euro
NCAP’s approach further indicate that direct driver-state monitoring is being pro-
moted to detect distraction, fatigue, or unresponsiveness and to trigger appropriate
vehicle responses [30].

1.1.2 DMS functions
Today, DMS-based safety functions are implemented using several sensing and in-
ference approaches. In production vehicles, the system can be grouped into direct
and indirect approaches from a methodological perspective. Indirect monitoring
systems use vehicle-system signals and driver-vehicle behavior to infer reduced driv-
ing capability. Direct monitoring systems instead estimate the driver state using
human cues, with the eye and head regions being particularly informative. The EU
regulatory requirements for advanced driver distraction warning systems explicitly
include monitoring gaze direction as part of determining distraction [10].

In practice, direct DMS uses camera-based sensing to estimate head pose, gaze,

2



1. Introduction

eyelid closure, and blink behavior. Additionally, thermal imaging has been shown
to effectively detect different levels of drowsiness by focusing on thermal patterns
in the face, highlighting an emerging sensor that could enhance the effectiveness of
DMS [2].

Finally, DMS is typically coupled to an interface connecting human and machine,
and a response policy that determines how the vehicle communicates detected risk
and how warnings escalate over time. Assessment protocols emphasize not only
detection but also the appropriateness and timing of vehicle response strategies, as
DMS is intended to support the driver before an unsafe state leads to a critical event
[30].

1.2 Problem and Motivation
DMS have achieved impressive accuracy rates in detecting common distractions
such as yawning, phone use, or prolonged eye closure, often exceeding 95% accu-
racy. However, fleet-collected data is dominated by common driving patterns, while
rare but safety-critical behaviors occur irregularly and unpredictably, making them
difficult to capture systematically. These long-tail scenarios, which may involve un-
common head poses or extended gaze deviations, remain underrepresented despite
their importance for system robustness [41, 42]. As a result, models may achieve
high performance while remaining vulnerable under realistic edge conditions, reveal-
ing a validation data gap that is challenging to address through additional real-world
data collection alone.

Prior work in gaze and eye tracking has demonstrated the value of synthetically gen-
erated data. At the time, frameworks such as LEyes show that training on realistic
synthetic eye images yields performance equal to or exceeding state-of-the-art meth-
ods for corneal reflection (CR) and pupil localization [7]. Similarly, 3DGazeNet relies
on synthetic 3D eye geometry to supervise the prediction of dense eyeball coordinates
and gaze direction from a single face image, demonstrating that enriching datasets
with high-quality synthetic data improves robustness and generalization [46]. While
these approaches are not DMS-specific, they provide evidence that synthetic data
can effectively improve gaze- and eye-related modeling, thereby motivating its use
for controlled manipulation of head pose and gaze in driver monitoring contexts.

1.3 Scope and Limitations
The scope of this thesis is to control the gaze direction and head pose of a given
facial input image. There is a major focus on synthesizing photo-realistic images.
That is, the synthesized images must remain physically plausible, including proper
illumination, smooth edges, and the person’s identity. The models explored priori-
tize encoder-decoder models in which the identity propagates through the network,
and the only changing attributes of the output are gaze and head pose.
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This thesis does not explicitly address the generation of unseen identities or new
scene content, as such generation may introduce hallucinations and produce physi-
cally implausible results, for instance, in specular reflections that do not match the
global illumination. The roll component of gaze and head pose is not explicitly
controlled; instead, the work focuses on yaw and pitch, which capture the dominant
variation in the recordings considered. In addition, gaze is represented as a single
yaw and pitch angle, respectively, with origin between the eyes.

A key limitation in this project is the lack of commercial and open-source data
with ground-truth gaze and head-pose labels across many identities and viewpoints;
therefore, the model’s performance will be limited to the data collected during the
project. Additionally, the labels created for head pose are estimates from an open-
source model; therefore, the performance of the trained model is, to some extent,
limited by the precision of those estimates. Finally, the design and creation of the
dataset is limited to the hardware available. Due to the aforementioned limitations
in data availability and the complexity of a multi-view dataset collection setup, this
project operates within the domain of an image-to-image-based solution.

The models trained in this thesis do not explicitly control identity or scene con-
ditions; however, the proposed architectures could be extended to incorporate a
broader set of control parameters. Such extensions could enable training on real
DMS footage and improve compatibility with DMS-specific visual conditions. Eval-
uation was limited to the metrics described in Sections 3.3 and 4.3; future work could
additionally include state-of-the-art (SOTA) gaze trackers and identity-preservation
metrics.

Direct quantitative comparison with existing gaze and head-pose redirection meth-
ods was not performed, as these methods are evaluated on datasets licensed under
non-commercial use and that differ substantially in acquisition setup and image do-
main from the data collected in this work, making fair cross-method comparison
infeasible.

1.4 Project Outline
This thesis is structured as a two-stage investigation, focusing on disentangled repre-
sentation learning for gaze and head-pose redirection in face images. The first stage
focuses on isolating and controlling gaze direction under constrained conditions,
while the second stage extends the problem to disentangle both gaze direction and
head pose independently. Together, these stages progressively increase the complex-
ity of the task and evaluate the limits of latent-space disentanglement under realistic
variations.

In the first part of the project, a controlled single-identity dataset is designed and
collected in which gaze direction is the only varying factor across frames. Using
this dataset, a lean convolutional autoencoder is trained with latent swapping and
label supervision to disentangle gaze from all remaining image semantics. This ex-
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periment demonstrates that deterministic control of gaze direction can be achieved
while preserving high-fidelity image reconstruction for a fixed identity.

In the second part of the project, the objective is extended to include indepen-
dent control of both gaze direction and head pose. A new dataset is collected in
which head motion in pitch and yaw is allowed, and experiments are conducted on
both single-identity and multi-identity data. To address the increased ambiguity
introduced by correlated factors, the training procedure is augmented with struc-
tured latent swapping constraints that explicitly enforce disentanglement between
gaze and head pose. A more expressive encoder–decoder architecture is introduced
to accommodate the increased variability in the data.

Finally, the models developed in both stages are evaluated using a combination
of quantitative and qualitative measures. Reconstruction fidelity is assessed using
standard reconstruction losses, while the preservation of physically meaningful fea-
tures, such as CR, is evaluated using a dedicated CR detection pipeline. Qualitative
evaluations further demonstrate the models’ ability to generate controlled variations
in gaze and head pose while maintaining visual realism.
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2
Theory

This chapter presents the theoretical foundations used throughout the thesis, span-
ning anatomy, mathematical models, and deep learning–based methods. In addition,
related work is reviewed to illustrate the evolution of the field, outline the current
SOTA, and position this work’s contribution. The discussion of prior research also
motivates the design choices made.

2.1 Autoencoders
An autoencoder is a neural network trained to reconstruct its input. Although re-
construction itself is not particularly useful, the intermediate representation learned
by the network is often highly informative. The model maps an input x to an inter-
mediate representation z, known as the latent space, through an encoder function
f , such that z = f(x). The latent representation is then mapped to a reconstruction
x′ through a decoder function g, such that x′ = g(z). The complete mapping from
input to reconstruction is illustrated in Figure 2.1. Rather than simply copying the
input, the autoencoder must learn a compressed representation that retains the most
important information in the data. When the latent space has a lower dimensionality
than the input space, the autoencoder is referred to as undercomplete. This con-
straint forces the model to capture the most salient features of the training data [16].

x f z g x′

Figure 2.1: Illustration of the mapping z = f(x) and reconstruction x′ = g(z) in
an autoencoder architecture.

Autoencoders are typically trained with a reconstruction loss, where one common
alternative is the mean squared error (MSE). MSE is suitable for continuous-valued
image data and measures how faithful a reconstruction is compared to the input. It

7



2. Theory

directly measures the discrepancy at a pixel-level, as defined by:

LMSE(x, x′) = 1
n

n∑
i=1

∥xi − x′
i∥2

2, (2.1)

where ∥·∥2 denotes the Euclidean norm (L2), {xi}n
i=1 are the original images, and

{x′
i}n

i=1 are the corresponding reconstructions. As seen in Eq. (2.1), the reconstruc-
tion errors are squared, such that larger deviations are penalized more strongly,
which makes MSE sensitive to outliers. Moreover, MSE may induce overly smooth
or blurred reconstructions [48].

In the domain of gaze redirection, the 1-norm (L1) loss is commonly used [52, 20, 32],
with L1 defined as:

L1(x, x′) = 1
n

n∑
i=1

||xi − x′
i||1, (2.2)

A likely reason is that the L1 loss penalizes errors linearly and is less sensitive to
outliers [48]. Compared to the MSE loss, it may reduce the tendency to produce
overly smooth reconstructions, and He et al. found that it empirically performed
better than MSE [20, 48].

Applications of autoencoders within computer vision include image classification
and object detection [26]. In the classification case [26], it may be used to extract
features within the areas of image recognition [33] and face recognition [1]. For the
detection task, it enables the automatic extraction of target features and removes
the limitations of manual extraction [26]. Within this domain, it can provide prac-
tical value and application to people’s lives, such as pedestrian detection [49], video
detection [14], and medical image detection [18].

2.2 Residual Neural Networks

Deep neural networks naturally integrate low-, mid-, and high-level features in a mul-
tilayer fashion, and the levels of features can be enriched by the number of stacked
layers. The networks have led to many breakthroughs, mainly in image classifica-
tion [22] and later in object detection. Methods like DETR and its variants use
ResNet as the backbone to extract a feature representation before feeding it into a
transformer-based network [8]. At the time, recent evidence showed that the network
depth was of crucial importance [39, 44]. However, as network depth increases, the
network’s accuracy degrades, which was not due to overfitting [21, 22, 43]. Residual
neural networks are designed to address the degradation in training accuracy that
occurs as network depth increases, thereby enabling the effective training of deeper
models. ResNet showed that deep neural networks with residual connections are
easy to optimize and that the counterpart network without residuals exhibits higher
training error. Moreover, ResNet can achieve accuracy gains with greatly increased
depth, producing results substantially better than those of previous networks [22].
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2.3 Human Eyes

The human eye is a biological optical system whose appearance and motion are
determined by its anatomy and refractive structure. In computational modeling, the
eye is often approximated using simple spherical geometry, for example as a single
sphere or as a two-sphere system representing the eyeball and cornea. However,
the true geometry and optics of the eye are more complex, which motivates more
detailed approximations [6]. They rotate in three degrees of freedom, which can be
represented in Euler angles as rotations about the three principal axes of a body
relative to a fixed coordinate system: pitch, yaw, and roll [29]. The rotations around
the three axes can be seen in Figure 2.2.

Yaw

Pitch
Roll

z

y

x

Figure 2.2: Coordinate system of the human eye showing rotational axes: pitch
(rotation about the y-axis), yaw (rotation about the z-axis), and roll (rotation about
the x-axis.

The rotations that make up the visual behavior take form in different groups of eye
movements, which all affect how we track objects and react to visual stimuli. In
addition, external conditions modulate observable eye characteristics, such as pupil
size, which varies with luminance and accommodation demand, influencing both
visual function and how the eye is measured by camera-based systems.

2.3.1 Human Eye Anatomy

The eye consists of an outer coat (sclera and cornea), a middle vascular layer (includ-
ing the iris), and an inner neural layer (the retina) [24]. The sclera forms the visible
white of the eye, while the transparent cornea provides most of the eye’s refractive
power. The iris controls pupil size and thereby regulates how much light enters the
eye. The retina converts incoming light into neural signals; its central region, the
fovea, supports the highest visual sharpness and is therefore the target region that
gaze-stabilizing eye movements aim to keep aligned with objects of interest [24].
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2.3.2 Human Gaze

Eye movements are commonly categorized into functional types that shift gaze
and stabilize the retinal image, including saccades, smooth pursuit, vergence, the
vestibulo-ocular reflex, and optokinetic nystagmus [24, 25]. In this thesis, we focus
on two behaviors: saccades, which rapidly reorient the line of sight between targets,
and smooth pursuit, which enables continuous tracking of a moving target to keep its
image near the fovea [24]. The remaining movement types are not treated further, as
they are not required for the data collection and modeling choices made in this work.

The human gaze can track a continuously visible moving target with smooth pur-
suit up to a characteristic angular velocity. In healthy observers, smooth pursuit
can be performed for a stimulus moving at up to 100◦/s, with the threshold being
lower in many cases, and the ability decreases rapidly for higher velocities [24]. For
higher velocities, saccades are performed to make up for the lack of pursuit. No
human studies were found that establish absolute angular limits for yaw and pitch
in saccade-free smooth pursuit. However, several human experiments have investi-
gated smooth pursuit within explicitly defined central-field angle ranges. Typical
paradigms use ±16◦ (32◦ peak-to-peak) both horizontally and vertically [27], and
±20◦ (40◦ peak-to-peak) at 20◦/s in both yaw and pitch [45], while quantifying pur-
suit performance. Moreover, pursuit performance degrades at more eccentric eye
positions in the orbit, supporting the practice of restricting experimental ranges to
central gaze [51].

2.4 Point of Gaze

A foundational mathematical approach to computing the point of gaze (PoG) was
introduced in 2006 by Guestrin and Eizenman. Their method estimates a gaze vec-
tor using pupil center and CR (PCCR) measurements. The simplest configuration
enabling PoG estimation consists of a single camera and two light sources. However,
this setup requires subject-specific calibration to estimate certain eye parameters,
such as the radius of the cornea. In contrast, configurations using at least two
cameras and two light sources allow reconstruction of the optic axis without such
calibration. The authors identify the primary sources of PoG estimation error as
inaccuracies in eye modeling, particularly deviations between the assumed and real
corneal shape, as well as errors in pupil center and CR detection [17].

Building on the PCCR principle, modern commercial systems such as those of Smart-
Eye and Tobii state that they employ near-infrared illumination to generate CRs,
which are subsequently used for PoG estimation [23, 12]. Consequently, producing
high-quality eye images with physically consistent CRs is crucial, as it enables the
use of downstream gaze-tracking modules within DMS.
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2.5 Related Works
The following section reviews prior work relevant to gaze and head-pose modeling,
structured to both motivate the methodological choices of this thesis and position
its contribution within the field. First, human eye modeling is discussed in the
context of both analytical gaze tracking and synthetic data generation, highlighting
how geometric formulations enable controllable eye appearance while introducing
limitations in realism. Subsequently, work on gaze and head-pose redirection is
presented chronologically, illustrating the evolution of the field from early warping-
based approaches to learning-based 2D methods, and further to recent 3D-aware
and generative frameworks.

2.5.1 Human Eye Modeling
Geometric eye models have historically been used both for analytical eye tracking
and as a controllable basis for synthesizing eye images in computer graphics and
learning-by-synthesis pipelines. A common abstraction is the double-sphere eye
model, in which the eyeball and cornea are represented as two intersecting spheres
with distinct centers and radii [17, 11]. This separation enables modeling of CRs
under point illumination and supports classical PCCR reasoning. In modern eye-
tracking pipelines, accurate localization of pupil and CR features remains a prereq-
uisite for CR-based gaze estimation, and the PCCR principle has been described as
the dominant approach in video-based eye tracking over the past decades [7].

For synthetic data generation, geometric eye models are attractive because they
provide explicit control over variables such as gaze direction, head pose, and light-
ing geometry. However, the same simplifications that make these models tractable
also limit realism. In computer graphics, the eye is often approximated by two
spheres, sclera and cornea, and other components are simplified, while real eyes ex-
hibit substantial individual variation and fine-scale appearance details [6]. This gap
becomes critical when models are trained on synthetic images whose viewing geom-
etry and illumination statistics do not match real conditions, since such mismatches
can degrade transfer to real data [40].

2.5.2 Gaze and Head-Pose Redirection
Early methods of gaze redirection include warping-based approaches, in which a flow
field is learned to spatially transform pixels in the input eye image toward a desired
gaze direction. These methods operate by rearranging existing pixels in the input
image, without synthesizing new image content. However, warping-based methods
are limited when handling large redirection angles and cannot generate content out-
side the visible input. This limits their performance in cases of partial occlusion,
such as eyelid closure or occluded scleral regions [15]. These limitations motivates
the transition towards learning-based 2D gaze redirection methods that explicitly
model image reconstruction, enabling the synthesis of unseen regions rather than
merely rearranging visible pixels.
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The authors of [20] propose a learning-based approach to gaze redirection that
frames the task as conditional image generation with Generative Adversarial Net-
works (GANs). Given an input eye patch and a target gaze direction defined by yaw
and pitch angles, the method synthesizes a new eye image with the gaze redirected.
The model is trained using an adversarial loss, a gaze-direction loss implemented
via an auxiliary gaze estimator embedded in the discriminator, a perceptual loss,
and a cycle-consistency reconstruction loss to preserve subject-specific appearance.
While this approach improves visual fidelity compared to warping-based methods,
it is limited to eye patches.

While the above methods directly address gaze redirection, [32] introduce Few-Shot
Adaptive Gaze Estimation (FAZE), which instead focuses on representation learning
useful for disentanglement. They propose a disentangling encoder-decoder architec-
ture that separates appearance, gaze direction, and head pose into distinct latent
components. Rotation-equivariant structure is enforced by explicitly rotating gaze
and head-pose components using known rotation matrices and reconstructing paired
images. In addition to a reconstruction loss and a gaze-direction loss, FAZE intro-
duces an embedding-consistency loss that encourages intra-subject consistency in
gaze features. Gaze redirection is presented as a consequence of the learned equiv-
ariant representation rather than the primary objective of the method.

Building on the equivariant rotation-based latent representation introduced in FAZE,
[52] extend this formulation in their method Self-Learning Transformations for Im-
proving Gaze and Head Redirection (ST-ED), to full-face image generation. In
contrast to earlier methods, ST-ED learns to represent additional factors such as il-
lumination and color, alongside gaze and head orientation. Instead of relying solely
on ground truth conditions, the model estimates internal control signals directly
from the input images to guide how each factor is transformed during generation.
The method combines adversarial training with an additional loss that explicitly pe-
nalizes errors in predicted gaze and head orientation between generated and target
images, rather than relying only on pixel-level similarity. This loss is motivated by
task-relevant inconsistencies, such as incorrect iris placement. In addition, ST-ED
introduces constraints to separate gaze and head pose from other image variations,
such as illumination, thereby reducing unintended interactions between factors.

Building on 2D-based methods, more recent works incorporate 3D modeling using
Neural Radiance Fields (NeRFs) and Gaussian Splatting. GazeNeRF incorporates
3D awareness through two-stream MLPs that predict feature maps for the eyes and
face region separately. The eye regions are transformed with a 3D rotation matrix
before the two regions are composited via rendering. However, GazeNeRF shares
the same limitations as other NeRF-based methods, namely long training times and
high computational cost [38]. Building on the limitations of NeRFs and the idea of a
two-stream method, DiT-Gaze incorporates 3D Gaussian Splatting and introduces
Diffusion Transformers (DiT) to this field. DiT-Gaze introduces three novelties: a
DiT renderer, an intermediate gaze sampler, and an orthogonality constraint loss
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to enforce feature disentanglement. Their method represents the current SOTA for
offline synthetic data generation in the field of head-pose and gaze redirection [31].
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3
Gaze Redirection

In this first experiment, the disentanglement of gaze features from factors such
as illumination and identity was investigated. This was done using a constrained
dataset in which gaze is the only explicitly varying factor. The experiment tested
whether it was possible to control gaze without any other visual attributes changing
in the reconstructed image.

3.1 Dataset
Because no publicly or commercially available dataset met the requirements of this
thesis, a dedicated gaze-tracking dataset was constructed. The principle was to fix
every factor except the subject’s eye movement, thereby enabling precise computa-
tion of gaze angles for each individual frame. This was accomplished by recording
the subject while their gaze followed a moving stimulus on a screen and keeping a
corresponding log of the stimulus’s exact position. Consequently, the setup provided
all the information needed to compute the eye’s pitch and yaw angles using trigonom-
etry. All data collection procedures were conducted in strict compliance with the
General Data Protection Regulation (GDPR) and institutional ethics guidelines,
with all participants providing informed consent prior to inclusion and additional
consent for inclusion in any publication.

3.1.1 Coordinate System
All gaze and head pose angles in this project are defined using a right-handed coor-
dinate system, according to Figure 2.2. The origin is located at the gaze reference
point between the eyes, and rotations follow the standard right-hand rule.

Pitch corresponds to a rotation around the y-axis. In this coordinate frame, positive
pitch is defined as a downward rotation. Consequently, gaze directed upward, or a
head rotation upward, results in a negative pitch angle, while gaze or a head rotation
downward produces a positive pitch angle.

Yaw corresponds to a rotation about the z-axis, with the z-axis defined as pointing
upward. When viewed from above along the positive z-axis, a positive yaw corre-
sponds to a counterclockwise rotation. As a result, gaze directed to the left or a
head rotation to the left yields a positive yaw angle, whereas gaze or head rotation
directed to the right yields a negative yaw angle.
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3.1.2 Data Collection Setup
A camera was positioned to face the subject and aligned with the stimulus display,
so that it was horizontally centered within the video frame. Vertically, the cam-
era was offset upward to ensure that the resulting gaze angles remained within a
predefined range during stimulus traversal. This was achieved by moving the stim-
ulus along a predefined grid while keeping the participant at a fixed distance from
the screen, resulting in yaw movements of ±25◦ and pitch movements of −20◦ to
+25◦. Moreover, the subject was oriented so that the eyes were at the same level as
the camera and centered. To mitigate movement along all axes, the subject’s head
rested on a chin rest, thereby enabling more stable per-frame gaze estimation. A
light source was placed directly beneath the camera to achieve uniform illumination
and to ensure that a CR was present in the eyes in all frames where the eyelid did
not occlude it.

3.1.3 Video of a Moving Stimulus
To generate interpretable gaze angles, the stimulus must have a known screen posi-
tion at all times. A custom video was therefore created in which a small dot traverses
a predefined pixel grid. The grid resolution was based on reported evidence of the
functional range of smooth pursuit, described in 2.3.2, together with empirical esti-
mates for the test subjects.

The duration of the stimulus video was set to 2 minutes, and the recording was
captured at 30 frames per second, resulting in 3600 frames. This length balanced
the desire for a dataset containing small-angle differences of adjacent frames, with
the practical constraints of subject focus. The stimulus trajectory was chosen such
that the resulting eye angular velocity reached a peak of 22.30◦/s at the screen cen-
ter and decreased to 18.32◦/s at the grid boundary.

To ensure that the stimulus motion remained within the desired range of angu-
lar velocities, the mapping from linear screen motion to visual angle was derived.
It was done using a pinhole-viewing approximation. Let x(t) denote the horizontal
position of the dot relative to the screen center (in pixels or centimeters), D the
fixed viewing distance from the observer’s eye to the screen (in centimeters), and
θ(t) the subtended visual angle (in degrees) at time t. Under a pinhole-viewing
approximation, this angle is:

θ(t) = arctan
(

x(t)
D

)
. (3.1)

Differentiating with respect to time yields the angular velocity,

ω = dθ

dt
= 1

1 +
(

x

D

)2
1
D

dx

dt
. (3.2)
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Since dx
dt

= v is the linear speed of the dot on the screen, substitution and simplifi-
cation give

ω = v D

D2 + x2 . (3.3)

This expression shows that, even at constant linear speed v, the instantaneous angu-
lar velocity ω decreases as |x| increases, i.e., as the stimulus moves farther from the
screen center. The stimulus trajectory and speed were therefore selected such that
the resulting ω remained below commonly cited limits for smooth pursuit across the
entire grid.

3.1.4 Pre-processing
After data collection, the raw synchronized videos were processed into a final dataset.
This pipeline consisted of frame extraction, image centering, gaze labeling, occlusion
and noise filtering, and dataset splitting.

Frame extraction was performed by reading each frame from the raw video recording
and saving it as an image. This enabled subsequent frame-wise processing. More-
over, to mitigate pixel-level drift between frames, each extracted frame was first
centered on the subject’s nose and subsequently cropped to a spatial resolution of
256 × 416 pixels. This resolution was selected to enable training an autoencoder
with encoder and decoder depths of up to 5 layers each, where each layer reduces
the spatial resolution by a factor of 2. Centering enforces that a fixed facial land-
mark remains at a consistent pixel location across the entire sequence, in this case
the nose was used since it allows for a tight crop around the face where all facial
attributes are visible. Although the subject’s head was stabilized during recording,
small movements may occur due to natural human motion, and this normalization
step reduces unwanted positional variance that could otherwise degrade model per-
formance.

Automatic annotation of the frames was performed using the known geometry of
the data collection setup, namely the dot position in each frame, the grid size of the
dot trajectory in pixel coordinates, the physical width of the dot trajectory, and the
distance from the eyes to the screen. Consequently, the pitch and yaw for the eyes
could be computed for every frame. A standardized ground-truth pair is thereby
provided, consisting of the input image and its corresponding label.

Due to the camera and flashlight occluding part of the screen, a portion of the
stimulus video was permanently unavailable to the subject. Frames in which the
moving dot moved inside this occlusion region were therefore removed. The oc-
cluded area was defined using the known physical dimensions of the screen, the
camera’s geometric origin, and the measured size of the camera and flashlight re-
gion. Using the known physical dimensions of the screen and occluding elements,
these measurements were converted into pixel coordinates that define the occlusion
region, and the frames in which the dot was inside this region could then be removed.
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In addition to the automatic removal of frames within the occlusion region, further
frames were excluded due to eye blinks. Blink removal was performed manually
by iterating through the dataset and identifying the start of each blink. For each
detected blink, all frames from the first moment of eyelid closure until the eye had
returned to the appearance before were removed. This ensured that no frames as-
sociated with incomplete or unstable eye appearance remained. Finally, the dataset
was split into training, validation, and test sets, following the 80/10/10 convention.

3.2 Autoencoder with Latent Swapping
The first model, which was designed, implemented, and evaluated, leveraged the
swapping of latent dimensions to disentangle gaze from the rest of the image features.
To do so, a lean autoencoder with a convolutional encoder, a latent bottleneck, and
a mirrored decoder was created with predefined dimensions for disentanglement.

3.2.1 Architecture
The model was built around a convolutional autoencoder that maps an input image
to a compact latent representation and reconstructs the original image from this rep-
resentation. Each input sample is represented as a tensor x ∈ RB×C×H×W , where B
denotes the batch size, C the number of image channels, C=3 for RGB, and (H, W )
the spatial resolution of the input, in this dataset (H, W ) = (416, 256). The decoder
produces an output x̂ with the same shape as the input, x̂ ∈ RB×C×H×W , and a
sigmoid activation in the last layer constrains reconstructed pixel intensities to the
interval [0, 1].

The encoder comprises five convolutional stages that, in each stage, reduce the
spatial resolution while increasing the number of channels. Each stage uses a 3 × 3
convolution with stride 2 and padding 1, followed by ReLU. The channel progression
through the encoder is

C → 32 → 64 → 128 → 256 → 512

resulting in five downsampling operations.

To obtain the latent representation, the encoder output is flattened to a vector of
length 512 · 13 · 8 and projected to a latent vector z ∈ RB×d using a fully connected
layer. The latent dimensionality d was treated as a tunable hyperparameter and
evaluated over

d ∈ {4, 8, 16, 32, 64, 128, 256, 512},

to identify a compact representation with sufficient reconstruction fidelity. A second
fully connected layer maps z back to the flattened encoder feature size, after which
the tensor is reshaped to RB×512×13×8 as input to the decoder.
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Figure 3.1: Overview of the lean autoencoder architecture, illustrating the data
flow as well as the evolution of spatial resolution and channel depth throughout the
network. The upper branch shows how the input image is encoded into a latent
representation, while the lower branch illustrates how the latent representation is
decoded back into a reconstructed image.

The decoder mirrors the encoder using five transposed convolution stages, without
the ReLU at the final layer. The channel progression in the decoder is

512 → 256 → 128 → 64 → 32 → C,

restoring the spatial resolution back to (H, W ). The final transposed convolution is
followed by a sigmoid activation, producing the reconstructed image x̂ in the same
format and range as the input. The entire architecture is illustrated in Figure 3.1.

3.2.2 Training with Latent Swapping
The autoencoder was trained to disentangle gaze from the remaining image seman-
tics by combining two complementary learning signals. A label loss, Llabel, encour-
ages the gaze to be encoded into the predefined latent dimensions. In addition, a
swap loss, Lswap, inspired by VASA-1 [47], enforces that swapping only these dimen-
sions between two samples is sufficient to reproduce the corresponding change in the
reconstructed image. Additionally, each image was self-reconstructed without latent
manipulation to preserve overall image fidelity by encouraging accurate reconstruc-
tion of each input without swapping. The self-reconstruction loss was defined as
Lself . These losses were then combined as a weighted sum to control the relative
influence of anchoring the gaze dimensions and enforcing swap-consistency:

Ltotal = λlabelLlabel + λswapLswap + λselfLself ,

where λlabel, λswap and λself are the weights for each loss.
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Figure 3.2: Illustration of latent swapping. Two images, I1 and I2, of the same
identity are encoded into latent representations containing gaze (gi). The gaze
components from each latent representation, g1 and g2, are swapped while the rest
of the latent representation remain fixed, and the modified latent vectors are decoded
to reconstruct the corresponding images.

The label loss was computed as MSE between the encoded values in the predefined
dimensions, one for yaw and pitch each, and the ground truth labels. Minimizing
this label loss ensured that the encoder learned the gaze information from pixel
space and encoded the correct labels into the predefined dimensions corresponding
to the ground truth.

For each image pair, the swap loss was computed as the L1 distance between a
swapped reconstruction and the corresponding target image from the pair. When
the gaze components are swapped between two latent representations, the resulting
latent vector contains the gaze of the other image while retaining all remaining at-
tributes. The decoder is therefore encouraged to reconstruct the target image, as the
input images share identity and differ only in gaze. Finally, the self-reconstruction
loss was also computed with L1 as Lself = L1(I1, Î1) + L1(I2, Î2), where Îi = D(zi).

In detail, latent swapping works as follows: given two images, I1 and I2, of the same
identity, the images are encoded to obtain their respective latent representations, z1
and z2, where the gaze (g1) of I1, is defined as the first two dimensions of z1. Simi-
larly, g2 corresponds to the first two dimensions of z2. g1 and g2 are then swapped
between z1 and z2, after which the modified latent vectors are decoded. This yields
Î1,g2 = D(z1,g2) and Î2,g1 = D(z2,g1), where ideally Î1,g2 = I2 and Î2,g1 = I1, since the
input images share the same identity and attributes and differ only in gaze. There-
fore, Lswap is defined as Lswap = L1(I1, Î2,g1) + L1(I2, Î1,g2). A schematic illustration
of the swapping is included in Figure 3.2.

For this project, the learning rate was set to 0.0005, λlabel was set to 0.001, λswap
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and λself were set to 1, the batch size was set to 8 and Group Normalization (GN)
[50] was used. All hyperparameters were found empirically. The latent space sizes
d ∈ [4, 8, 16, 32, 64, 128, 256, 512] were used in an ablation study to evaluate how
it affects the final performance and to provide a basis for training the models on the
larger dataset in Section 4.

3.3 Evaluation
The model configurations were all evaluated qualitatively and quantitatively. Firstly,
by observing the reconstructions, one could qualitatively assess the image quality
and artifact presence. Secondly, the encoding accuracy of test images was calculated
by computing the mean absolute error (MAE) between the ground truth (GT) and
the encoded gaze. Lastly, CR presence and location were evaluated between the
output image and the GT image. This was primarily used for evaluation between
models to quantify performance differences, and further indicate reconstructions
quality for each model.

The CR detections produced a confusion matrix for each eye in the swapped re-
constructions. The CR detector was implemented by augmenting an image using
cropping, gaussian blur, Laplace sharpening, and an additional gaussian blur for
edge enhancement followed by a blob detector to locate the brightest pixel of the
CR. The four different predictions in this project are classified according to Table
3.1.

Table 3.1: Interpretation of CR detection predictions.

Prediction CR in GT No CR in GT
CR in reconstruction True Positive (TP) False Positive (FP)
No CR in reconstruction False Negative (FN) True Negative (TN)

Additionally, the cases where TPs were found, the error in pixel coordinates between
the brightest point of the CR in the output and GT were calculated. Finally, the
detector performance was assessed on the ground truth test dataset to examine its
reliability in model evaluation.

3.4 Results
The results shown in this section were generated with the autoencoder using a latent
dimensionality of 32, with weights of 1 for the self-reconstructions and swap losses,
and weights of 0.001 for the label loss. The model was trained for 200 epochs, with
batch size 8 and learning rate 0.0005.

3.4.1 Dataset Coverage
The gaze-only dataset consisted of 3,249 images, uniformly distributed within ±25◦

for yaw and from −20◦ to 25◦ for pitch, as mentioned earlier. During pre-processing,
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some samples were filtered out, thereby introducing sparsity into the distribution.
Moreover, the empty region in the center corresponds to the area where the camera
setup occluded the screen. Consequently, no GT image-gaze pairs exist in that
region. The resulting gaze coverage is illustrated in Figure 3.3.

-20◦

-10◦

0◦

10◦

20◦

20◦ 10◦ 0◦ -10◦ -20◦

Figure 3.3: Dataset coverage over pitch (y-axis) and yaw (x-axis) for the gaze-only
model after filtering for eyelid closures and camera setup occlusion.

3.4.2 Reconstruction Quality
The trained model produces high-quality images with little to no perceptual differ-
ence between the ground truth and the reconstructed images, as shown in Figure
3.4.

Recon

GT

Figure 3.4: Reconstructions (Recon) of the GT images in the test set.
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3.4.3 Disentanglement
The results show that manipulation of the latent space via injection, after training a
lean autoencoder under explicit supervision for predefined latent dimensions, yields
controllability over the trained factors. In Figure 3.5, a random image from the
test set is encoded, and for each combination of pitch and yaw in the image grid,
the gaze is injected into the latent dimensions controlling the gaze, and the latent
vector is then decoded to each of the output images in the grid. See Figure A.1 in
the Appendix for a more extensive image grid.

-25◦ -10◦ 0◦ 10◦ 25◦

25◦

0◦

-20◦

Figure 3.5: Gaze direction sweep over pitch (rows) and yaw (columns).

The resulting model can encode any image from the dataset and redirect the gaze
successfully to angles within the training distribution. Perturbations further outside
the training distribution caused the model to produce images that were no longer
aligned with the desired gaze direction and worse visual results, as can be seen by
the generated outputs in Figures 3.6a and 3.6b.

Additionally, with this configuration, latent encoding accuracy was evaluated by
comparing the first two gaze-related latent dimensions to their corresponding ground-
truth labels. The resulting MAE was 0.75◦ and 0.23◦ for yaw and pitch, respectively.
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p=-35◦ p=-25◦ p=-15◦ p=0◦ p=15◦ p=25◦ p=35◦

(a) Redirection to different angles in pitch (p) with static angle in yaw of 0◦.

y=-60◦ y=-40◦ y=-20◦ y=0◦ y=20◦ y=40◦ y=60◦

(b) Redirection to different angles in yaw (y) with static angle in pitch of 0◦.

Figure 3.6: Arbitrarily chosen test image encoded and redirected for different
yaw and pitch angles showcasing model performance for angles outside of training
distribution.

3.4.4 CR Detection

Prior to evaluating model performance, the reliability of the automated CR detector
was validated against manual annotations of the test images. The detector achieved
an F1 score of 0.99 and accuracy of 0.98, and its outputs are therefore treated as
reliable proxies for glint presence in the subsequent model evaluation.

CR preservation of the model was assessed by applying the CR detection algorithm
to redirected and reconstructed images versus ground-truth images and comparing
the detected CR locations. Combined over the left and right eyes, the model achieved
an accuracy of 0.97, an F1 score of 0.98, and a mean absolute CR localization error
of 0.58 pixels. Finally, the corresponding confusion matrix for CR detection is shown
in Figure 3.7.
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CR
(GT)

No CR
(GT)

CR
(Recon)

No CR
(Recon)

Figure 3.7: Combined confusion matrix from CR detections of the left and right
eye respectively.

3.5 Discussion
The results of the gaze-only experiment demonstrate that a lean convolutional au-
toencoder, trained with explicit latent swapping and label supervision, together
with a constrained, homogeneous dataset, is capable of learning a highly control-
lable representation of gaze direction. Under these conditions of dense, nearly uni-
form data sampling, reconstruction quality was visually indistinguishable from the
ground truth across the test set, with only minor smoothing effects in certain regions.
This high reconstruction fidelity is further reflected in the strong CR-detection per-
formance, indicating near-perfect consistency between redirected and reconstructed
versus ground-truth images. The preservation of fine-scale eye appearance, including
the CR, suggests that the encoder–decoder architecture did not introduce percepti-
ble artifacts under in-distribution conditions.

In addition to high reconstruction fidelity, the model achieved high accuracy in en-
coding gaze direction into the predefined latent dimensions, with low MAE in both
yaw and pitch on the test set. This indicates that the swap loss successfully encour-
aged the encoder to extract gaze-related information from the image and place it
into the intended subspace of the latent representation. Given the dense sampling
of gaze angles in the dataset, such performance was expected as the test data lies
close to the training data. The training data provides a smooth and dense manifold
over gaze space, enabling effective interpolation between neighboring gaze directions.

Beyond reconstruction and encoding accuracy, the qualitative results show that the
model gained strong controllability over gaze direction. Injecting target yaw and
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pitch values into the designated latent dimensions resulted in consistent, predictable
changes in eye orientation while leaving the remaining image content unchanged.
This behavior confirms that disentanglement through latent swapping operated as
intended in this controlled setting, and that the label loss effectively anchored the la-
tent dimensions to a physically interpretable parameterization expressed in degrees.
Together, these results validate the core hypothesis of this experiment: explicit
swapping supervision can be used to enforce controllable disentanglement in an au-
toencoder when the underlying data distribution is sufficiently controlled.

However, the limitations of this setup are reflected when the model is evaluated
outside the training distribution. Injecting gaze angles that were not observed dur-
ing training caused the model to degrade rapidly, producing outputs that no longer
aligned with the desired gaze direction and exhibiting reduced visual quality. This
collapse is not unexpected and highlights that the learned representation does not
extrapolate beyond the sampled gaze manifold. Rather than indicating a failure of
the approach, this behavior reflects the strong inductive bias imposed by the homo-
geneous dataset. The model effectively learned to interpolate within the observed
gaze range, but did not acquire a more general representation of eye appearance
under arbitrary gaze directions.

Overall, the results show that controlled image reconstruction through latent disen-
tanglement and parameter injection is feasible in a single-identity, gaze-only setting.
The near-indistinguishable reconstruction quality and the stability of CR-related
features demonstrate that such a model can preserve fine visual details while en-
abling deterministic control. These findings suggest that the approach is promising
as a building block for synthetic data generation in gaze-sensitive domains, such as
driver monitoring systems. However, the observed out-of-distribution collapse also
underscores the need for more diverse datasets and more complex supervision when
extending the approach to multiple factors. This motivates the subsequent exper-
iment, in which head pose is introduced as an additional disentangled factor, and
the limits of latent swapping are explored under increased data complexity.
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Transitioning from the constrained gaze-only dataset, the project was extended to
accommodate head pose variation and limited translational motion in the plane par-
allel to the stimulus screen. Gaze was computed using the same formulation as in the
gaze-only dataset, with the addition of a correction for the gaze origin offset. Head
pose was estimated using MediaPipe [13], which provides a transformation from a
canonical face model to the detected facial landmarks. Finally, the model architec-
ture was adapted to handle the increased complexity introduced by the additional
control factor and image resolution.

4.1 Dataset
For the second experiment, which focused on joint disentanglement of head pose
and gaze, a new dataset was collected using the same physical setup as described
previously, but with relaxed constraints on head motion. In contrast to the first
experiment, participants were allowed to rotate the head freely in yaw and pitch
during recording.

Data collection was performed for two settings. First, a single-identity dataset was
recorded, capturing a larger amount of data to obtain dense, smooth sampling of
the joint head–gaze space across yaw and pitch. Second, a multi-identity dataset
was recorded, in which the same procedure was repeated for multiple participants,
but with fewer samples per identity. In both cases, the stimulus video described in
Section 3.1.3 was used. Consequently, the experiment induced the same gaze-angle
ranges as in the gaze-only experiment.

The recorded videos were post-processed using the same steps as in Section 3.1.4,
with additional filtering to account for frames where the relative orientation between
head pose and gaze was extreme. Specifically, extreme relative gaze was defined as
the absolute difference between gaze angle and head pose angle exceeding prede-
fined limits in yaw or pitch, where the thresholds were identical to those used in
Section 3.1.2. In addition, head pose was labeled using MediaPipe, and the resulting
transformation matrix was used to extract the head pose in degrees, which served
as the pose labels for the data.

In practice, it is difficult to vary head pose in yaw and pitch without simultaneously
shifting the gaze origin away from the camera. To address this, gaze angles were
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computed using an offset-based formulation. Prior to recording, a reference config-
uration was established in which the gaze origin was aligned with the camera for
each participant. This reference was used to estimate a constant offset between the
camera coordinate frame and the gaze origin of the participant. During recording,
any movement within the plane parallel to the screen was tracked, and the gaze
angle was calculated by compensating for this offset. The offset was estimated using
facial landmark detections provided by MediaPipe, ensuring consistent gaze-angle
estimation despite translational head motion.

Due to the increased range of head rotations in this experiment, a larger portion of
the image frame was occupied by the participant’s face compared to the gaze-only
dataset. Consequently, all images in this dataset were spatially cropped to a reso-
lution of 416 × 416 pixels.

All data collection procedures were conducted in strict compliance with the GDPR
and institutional ethics guidelines, with all participants providing informed consent
prior to inclusion and additional consent for being included in any type of publica-
tion.

4.2 ResNet Autoencoder with Latent Swapping
The lean autoencoder used for gaze redirection with a static head pose was further
developed into a more capable network as the data became more complex and the
sampling density decreased. Inspired by the ResNet architecture and using a similar
disentanglement methodology for latent swapping, training to disentangle head pose
and gaze direction was performed with a more capable model and an additional loss
term.

4.2.1 ResNet-based Autoencoder
Introducing head-pose control increases dataset complexity, which the network must
accommodate. Therefore, the model implemented in Figure 3.1 was enhanced. Sim-
ply adding more layers has previously been shown to degrade performance. In
contrast, architectures with residual connections achieve improved accuracy and
training stability as discussed in 2.2. Consequently, the encoder consists of five
ResNet blocks, each containing two convolutional layers. Within each block, the
first convolution downsamples the spatial resolution while doubling the number of
hidden channels, whereas the second convolution preserves both spatial resolution
and channel dimensionality. Each block includes a residual skip connection that by-
passes the two convolutional layers, enabling information flow and stabilizing train-
ing. In practice, this is performed using a convolutional layer with a 1 × 1 kernel
with stride 2, and no norm or activation. All other convolutional layers use a 3 × 3
kernel size, group normalization, and ReLU activation. A schematic illustration of
the ResNet block is shown in Figure 4.1.
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The channel dimension is first increased from 3 (RGB) input channels to 32 hid-
den channels, after which the number of channels is doubled at each subsequent
downsampling stage, and the hidden channel dimensionality evolves as follows:

C → 32 → 64 → 128 → 256 → 512.

Figure 4.1: Architecture of a ResNet encoder block used in the autoencoder. The
main branch consists of two 3 × 3 convolutional blocks, each include normalization
and activation. Spatial downsampling and channel expansion are illustrated by the
cone-shaped structure, while the rectangular structure preserves spatial dimensions.
The residual connection passes features through a 1 × 1 convolution with a stride
of 2 to match spatial resolution and channel dimensionality before addition. Grey
blocks represent feature maps propagated through the network.

In addition to the stacked blocks, the final feature map is flattened into a one-
dimensional vector and passed through a linear layer that projects it into a 128-
dimensional latent space. Concretely, a feature map in RC×H×W is reshaped into a
vector in RC·H·W and mapped as RC·H·W → R128, with (C, H, W ) = (512, 13, 8). An
overview of the full ResNet-based encoder architecture is shown in Figure 4.2.

The decoder was designed to mirror the encoder, using ResNet-based blocks with
the same internal structure and residual skip connections. Spatial upsampling is
performed using transposed convolutional layers. Within each block, the first con-
volution upsamples the spatial resolution while reducing the number of hidden chan-
nels, whereas the second convolution preserves both spatial resolution and channel
dimensionality. Apart from the use of transposed convolutions for upsampling and
asymmetric channel expansion, the decoder blocks are identical to those used in the

29



4. Head and Gaze Redirection

Figure 4.2: Encoder architecture composed of five stacked ResNet blocks, fol-
lowed by flattening and a non-linear projection into the latent space z. The cone-
shaped structure indicates progressive spatial downsampling of the feature maps
across blocks.

encoder.

The 128-dimensional latent vector is first projected back to the same dimensionality
as the flattened encoder feature map and reshaped into a tensor of size C × H ×
W . Specifically, the latent representation is mapped from R128 → RC·H·W , then
reshaped and processed through the stacked decoder blocks. The hidden channel
dimensionality is reduced asymmetrically to the encoder as follows:

512 → 256 → 128 → 64 → 32 → C.

4.2.2 Training with Latent Swapping
The objective was to disentangle the head pose and gaze direction, two distinct but
visually coupled factors. While the latent swapping strategy used in Section 3.2.2
was sufficient to separate gaze from other image semantics, directly extending the
same approach to two correlated factors was not guaranteed to yield independently
steerable representations. Joint swapping of gaze direction and head pose provides
only implicit supervision, as the model may encode a combined factor that explains
both variations simultaneously, thereby satisfying reconstruction objectives without
enforcing true intra-factor independence.

As a baseline, the model was trained using the same joint swapping strategy as
in Section 3.2.2, where both gaze-related and head-pose-related latent dimensions
were swapped simultaneously between image pairs (joint swapping). This exposed
the model to a wide range of gaze–head-pose combinations and encouraged disen-
tanglement through combinatorial coverage of the data distribution. Such implicit
intervention leverages the dataset’s natural diversity but does not explicitly expose
the model to independent control over the two factors. As a result, the model could
still fail to support independent manipulation of one factor without affecting the
other.
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To explicitly enforce disentanglement, a structured supervision scheme based on
2 × 2 sub-batches was introduced. Each sub-batch consisted of four images, Ii with
i = 1, 2, 3, 4, arranged to form all combinations of two gazes, g, and two head poses,
h:

I1 = (g1, h1), I2 = (g1, h2), I3 = (g2, h1), I4 = (g2, h2).
This construction ensured that, for each image, there existed one counterpart shar-
ing the same gaze but a different head pose, another sharing the same head pose
but a different gaze, and a fourth image sharing neither factor.

To form such sub-batches in practice, gaze and head-pose values were discretized
into 1.5◦ bins. Candidate image pairs were selected such that samples intended to
share a factor were grouped within the same bin, while samples intended to differ
were separated by a minimum angular distance of 2.5◦ in the corresponding factor.
This procedure ensured controlled similarity along one factor while maintaining suffi-
cient separation along the other, of which the values of both factors were empirically
chosen. However, 2x2 sub-batch training was performed only for the single-identity
dataset due to limited coverage of head poses and gazes within each identity in the
multi-identity dataset.

Within each 2 × 2 sub-batch, three types of latent swaps were performed: gaze-
only swaps between samples sharing head pose, head-only swaps between samples
sharing gaze, and joint swaps between diagonally opposite samples. The resulting
swapped latent codes were decoded and compared against the corresponding target
images using an L1 loss. This imposed explicit counterfactual constraints, which
cannot be satisfied unless gaze and head pose are encoded in separate latent sub-
spaces.

To extend to the head-pose factor, an additional label loss was added for the pre-
defined head-pose dimensions, analogous to the gaze anchoring label loss in Sec-
tion 3.2.2. Moreover, a Laplacian-based edge loss, Llaplace, was added to emphasize
high-frequency structures, which was introduced in particular to discourage blurred
CRs. The Laplacian-based loss was computed by convolving a discrete Laplacian
operator to both the reconstructed image and the target image and minimizing an
L1 loss between the resulting edge responses. Consequently, the new total loss is
computed as:

Ltotal = λlaplaceLlaplace + λlabelLlabel + λswapLswap + λselfLself ,

where λlaplace, λlabel, λswap and λself are the weights for each loss.

For the single-identity case, the model was primarily trained using self-reconstruction
and joint-swap supervision on randomly sampled image pairs, ensuring coverage of
the full data distribution while preserving high-frequency visual realism. In addition,
a subset of training iterations (30% of batches) employed structured 2×2 sub-batches
to encourage independent encoding of gaze and head pose. For the multi-identity
dataset, image pairs were explicitly sampled within each identity so that the same
supervision losses could be applied between ground-truth and generated images;
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however, no explicit supervision through isolated gaze-only or head-only swapping
was used.

4.3 Evaluation

The models were evaluated with the same procedure as in Section 3, with the addi-
tion of evaluating the controllability of head pose. Moreover, one identity was left
out of the training set, allowing the model to be evaluated on how well it generalized
to unseen identities. Finally, the baseline performance of the CR detector itself was
only assessed on the single-identity but not on the multi-identity dataset, due to
reliable results in the gaze-only and single-identity head and gaze datasets, as seen
in Sections 3.4.4 and 4.4.4.

4.4 Results for Single-Identity Experiment

The results shown in this section were generated with the ResNet-based autoencoder
using a latent dimensionality of 128, with λself and λswap set to 1, λlabel set to 0.001,
and λlaplace set to 0.25. The model was trained for 400 epochs with a batch size of 8
and a learning rate of 0.0005 on the single-identity dataset, using the 2×2 sub-batch
intervention.

4.4.1 Dataset Coverage

The dataset consisted of 20 video recordings of a single participant performing the
experiment. The raw dataset contains approximately 18 000 frames, of which 9 109
remain after filtering and post-processing.

The resulting head-pose distribution is concentrated around 0◦, with decreasing
coverage towards the tails. While head poses are observed near ±35◦ in pitch and
approximately −35◦ to 45◦ in yaw, these regions remain sparse and asymmetric
due to filtering of extreme relative angles between head pose and gaze. The overall
coverage is shown in Figure 4.3a. Furthermore, the gaze distribution broadly follows
that of the gaze-only dataset, with additional local density variations caused by
overlapping gaze patterns across recordings. This distribution is illustrated in Figure
4.3b.
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(a) Heatmap over head poses.
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(b) Heatmap over gazes.

Figure 4.3: Coverage distributions shown as heat maps of the single-identity
dataset for head pose (left) and gaze directions (right) across yaw (x-axes) and pitch
(y-axes) angles with the colorbars describing the correspondence between number
of frames for each combination and color in the heatmap.

4.4.2 Reconstruction Quality
The outputs produced were perceptually similar with slight smoothing of high-
frequency details. Reconstructions of the participant in the single-identity dataset
can be seen in Figure 4.4. Furthermore, the ablation in Section A.3.4 shows that
introducing the Laplacian loss improved reconstruction quality quantitatively, given
by the confusion matrices in Figure A.13 in the Appendix, together with the visual
difference in Figure A.14. The CRs are visually present, with slight blurriness and
inconsistencies.

Recon

GT

Figure 4.4: Reconstructions (Recon) from the single-identity model of the GT
images in the test set.

Furthermore, Figures A.7 and A.8 qualitatively show that the lean autoencoder pro-
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duces low-quality images without CRs, indicating that the architecture is insufficient
for the increased data complexity. Quantitative results in Table A.1 and Figure A.9
in Appendix A.3.2 further show that the ResNet-based autoencoder reduces the CR
localization error from 1.53 to 0.88 pixels, while increasing accuracy from 0.40 to
0.93 and the F1 score from 0.50 to 0.96.

4.4.3 Disentanglement
The model yields smooth controllability within the training distribution as can be
observed in Figures 4.5 and 4.6. However, artifacts such as eyelid inconsistencies
and blurriness do appear, mainly in the tails of the training distribution for head
pose, as seen in the images in the outer rows and columns of Figure 4.6.

-25◦ -15◦ 0◦ 15◦ 25◦

25◦

10◦

0◦

-10◦

-20◦

Figure 4.5: Gaze direction sweep for the single-identity model over pitch (rows)
and yaw (columns).

For angles outside the defined training distribution, the single-identity model does
not produce physically plausible redirections as can be observed in the example in
Figure 4.7. The images quickly became noisy and grainy as redirection was per-
formed closer to or beyond the tails of the dataset’s coverage.

The latent encoding accuracy for control factors was evaluated by comparing the
first four latent dimensions against the corresponding ground truth labels for yaw
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-15◦ -7.5◦ 0◦ 7.5◦ 15◦

15◦
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0◦

-7.5◦

-15◦

Figure 4.6: Head-pose sweep for the single-identity model over pitch (rows) and
yaw (columns) angles ranging from −15◦ to 15◦, respectively.

and pitch of gaze and head pose, respectively. The model achieves lower errors for
head-pose parameters than for gaze parameters, with MAE for head-pose encoding
of 0.21◦ for both yaw and pitch, and MAE for gaze encoding of 1.27◦ and 0.38◦ for
yaw and pitch, respectively.

The impact of the structured 2 × 2 sub-batches, introduced in Section 4.2.2, was
evaluated through an ablation study, see Appendix A.3.3. A model trained without
the structured sampling resulted in comparable visual controllability and similar
artifact patterns in both gaze and head-pose sweeps. No consistent improvement in
reconstruction stability was observed across the evaluated range, and latent encoding
errors remained similar between the two configurations.

4.4.4 CR Detection
Similarly to Section 3.4.4, the detector was validated against the ground truth test
images in the head-gaze dataset, yielding identical performance with an accuracy of
0.98 and an F1 score of 0.99. This consistency indicates that the detector remains
reliable for this new dataset.
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Figure 4.7: Head-pose sweep for the single-identity model over pitch (rows) and
yaw (columns) angles outside of training distribution.

For the redirected and reconstructed images, the CR localization MAE was 0.88
pixels, with an accuracy of 0.93 and an F1 score of 0.96. The corresponding confusion
matrix for CR detections is shown in Figure 4.8.

4.5 Results for Multi-Identity Experiment

The results shown in this section were generated with the same model architecture
and training methodology as for Section 4.4, except for the sub-batch intervention.
The model was trained on the multi-identity dataset, with one identity excluded.

4.5.1 Dataset Coverage
The multi-identity dataset consists of 25 participants, each recorded in five sepa-
rate videos due to recording time constraints. After filtering and post-processing,
the dataset contains 55 418 frames. Moreover, Figure 4.9a illustrates the overall
head-pose coverage, and, as in the single-identity dataset, the distribution is cen-
tered around 0◦ with reduced coverage towards more extreme poses. However, a
pronounced high-density region, of approximately 600 frames, is observed near 0◦

yaw and −10◦ pitch. This concentration is primarily caused by subjects exhibit-
ing limited head movement. For instance, identity 7 shows minimal variation in
head pose, as illustrated in Figure A.3 in the Appendix, where a large proportion
of samples are clustered around 0◦ yaw and −10◦ pitch. Comparing these counts
to the overall distribution indicates that identity 7 contributes significantly to this
high-density region.
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Figure 4.8: Confusion matrix of CR detections combined over left and right eyes
on the ResNet autoencoder trained on the single-identity dataset.
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(a) Heatmap over head poses.
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(b) Heatmap over gazes.

Figure 4.9: Coverage distributions shown as heat maps of the multi-identity
dataset for head pose (left) and gaze directions (right) across yaw (x-axes) and pitch
(y-axes) angles with the colorbars describing the correspondence between number
of frames for each combination and color in the heatmap. The heatmaps show the
data collected from all participants combined.

In addition to head pose, the gaze coverage of the multi-identity dataset is approxi-
mately uniform, with a central region lacking samples due to camera-setup occlusion,
as described in Section 3.4.1. The overall gaze distribution is shown in Figure 4.9b.
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Local variations in density are observed due to overlapping gaze patterns across sub-
jects. Furthermore, filtering introduces irregular sparsity, making these variations
less predictable.

4.5.2 Reconstruction Quality

Image reconstruction is perceptually similar to that of the single-identity model,
aside from the smoothing becoming slightly more prominent, as can be seen in
Figures 4.10. Nonetheless, CRs are well-defined, and the model learns to reconstruct
all identities in the dataset to a similar level.

Recon

GT

Figure 4.10: Reconstructions using the multi-identity model on arbitrarily chosen
test images of seen identities.

Additionally, the model was evaluated over the reconstruction and redirection for
an identity not exposed to the model during training. The reconstructions of this
identity can be observed in Figure 4.11, which showcases identity interpolation.
The eye region and other facial features are visually clear with blurry artifacts,
particularly around the head and background.
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Recon

GT

Figure 4.11: Multi-identity model producing reconstructions (bottom row) of the
unseen identity (top row).

4.5.3 Disentanglement

The multi-identity model achieved similar controllability to the single-identity model
for each identity, with slightly narrower controllability for head pose while maintain-
ing reconstruction quality due to dataset coverage. This can be seen in Figure 4.12
and in Figure A.2 for sweeps over additional identities.
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Figure 4.12: Head-pose sweep for the multi-identity model over pitch (rows) and
yaw (columns) angles ranging from −15◦ to 15◦, respectively.

The multi-identity model reaches MAE for gaze encoding of 0.76◦ and 0.41◦ for yaw
and pitch, respectively, and MAE for head-pose encoding of 0.25◦ and 0.28◦ for yaw
and pitch, respectively. Thereby, the multi-identity model lowers the latent encod-
ing error of the control factors for gaze compared to the single-identity model.

For the unseen identity, while the model produces erroneous images, the identity
remains visually consistent throughout the redirection, with predictable behavior
over the gaze and head-pose sweeps seen in Figures 4.13 and 4.14. Moreover, the
multi-identity model achieves MAEs of 2.98◦ and 3.56◦ for gaze encoding (yaw and
pitch, respectively) and 0.93◦ and 1.98◦ for head-pose encoding (yaw and pitch,
respectively).

4.5.4 CR Detection
The multi-identity dataset produced two types of results: from the in-distribution
test sets and from the unseen identity. The in-distribution results were better than
the results of the unseen person, achieving an accuracy of 0.87 and an F1 score of
0.92. Furthermore, CR localization yielded a MAE of 0.99 pixels. Conversely, the
unseen test data achieved an accuracy of 0.67 and an F1 score of 0.79, with a CR
localization MAE of 1.8 pixels.
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Figure 4.13: Gaze direction sweep for the multi-identity model for the unseen
identity over pitch (rows) and yaw (columns) angles ranging from −20◦ to 20◦,
respectively.

In addition, the confusion matrices for the in-distribution test sets and the unseen
dataset are visualized in Figure 4.15.

4.6 Discussion
The results of the head and gaze redirection experiment demonstrate that an autoencoder-
based disentanglement framework can be extended from a constrained gaze-only
setting to a more complex scenario involving joint control of head pose and gaze.
Compared with the first experiment, introducing head pose as an additional factor
significantly increases both the visual complexity and the ambiguity in the data.
Nevertheless, the model can learn a latent representation that enables controllable
manipulation of both factors while preserving key aspects of facial appearance.

The inclusion of a Laplacian-based edge loss improved the preservation of high-
frequency image structures, as reflected quantitatively in improved CR detection
metrics in Section A.3.4. While the visual impact of this loss is subtle and not
always immediately apparent in qualitative inspection, the improved F1 score and
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Figure 4.14: Head-pose sweep for the multi-identity model for the unseen identity
over pitch (rows) and yaw (columns) angles ranging from −15◦ to 15◦, respectively.

reduced localization errors indicate that edges and specular structures are more
consistently preserved. From a practical perspective, this suggests that auxiliary
edge-based losses can help stabilize fine-grained image details that are otherwise
smoothed out by pixel-wise reconstruction objectives. Differences in F1 score pri-
marily reflect changes in false negatives and false positives in CR detection, which,
in turn, indicate whether the reconstructed images retain sufficiently sharp high-
lights for reliable detection. In this sense, CR detection serves as an indirect but
informative proxy for the physical plausibility of eye appearance.

For the single-identity setting, the model exhibits a noticeable smoothing effect in
the reconstructed and redirected images. This effect is more pronounced than in the
gaze-only experiment and is particularly evident around hair, eyelids, and fine facial
contours. A likely explanation is that multiple frames with nearly identical gaze
and head pose labels originate from different video segments and therefore differ
slightly in unlabeled factors such as eyelid state, facial expression, hair configura-
tion, or small amounts of roll. When trained with pixel-based reconstruction losses,
the autoencoder is encouraged to average over these variations, leading to a char-
acteristic smoothing or “blending” effect. This behavior can also be interpreted as
a form of lookup-table averaging, in which visually distinct inputs associated with
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(a) CR detection over the test sets
across identities seen during training.
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No CR
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(b) CR detection performed on the
unseen identity.

Figure 4.15: Confusion matrix comparison between the multi-identity model per-
formance over reconstructions redirected identities within the training distribution
(4.15a) and for the unseen identity (4.15b). The rows indicate the GT and the
columns are the reconstructions.

similar labels are mapped to a common latent representation and then decoded into
an averaged output.

While the smoothing limits realism, it also implies that the model learns an inter-
polative representation over images sharing similar control parameters. As a result,
the autoencoder can generalize across the label space, reconstructing plausible im-
ages even when the exact visual configuration was not observed during training. This
trade-off highlights a fundamental property of autoencoder-based models trained
with pixel losses, where they favor stable interpolation over sharp reproduction of
characteristic details. In practice, this suggests that increasing data diversity or
introducing perceptual or identity-preserving losses would be required to mitigate
excessive smoothing without sacrificing controllability.

Although the structured 2 × 2 sub-batch scheme was motivated by a theoreti-
cally stronger disentanglement signal, its practical effect in this project was lim-
ited. In principle, such sub-batches provide explicit counterfactual supervision and
strengthen the independent disentanglement of gaze and head pose. However, in
the present setting, only two controllable factors were considered, and the dataset
already provided substantial natural combinatorial coverage of these factors during
standard training. This likely made the additional 2 × 2 supervision largely redun-
dant in practice. At the same time, because the dataset did not contain exact com-
binatorial quadruplets, the 2×2 sub-batches had to be constructed through angular
binning, such that samples intended to share gaze or head pose were only approx-
imately matched. Combined with pixel-wise reconstruction losses, these residual
mismatches introduced additional supervision noise, which likely contributed more
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to smoothing and reduced image fidelity than to improved disentanglement. Nev-
ertheless, explicit factor-isolating supervision is likely to become more important in
more complex settings, for example, when disentangling a larger number of factors
that co-vary in the training data or when the training data does not naturally pro-
vide sufficient combinatorial coverage. In such cases, especially when paired with
perceptual or feature-based losses that are less sensitive to nuisance mismatches
than strict pixel losses, structured supervision could offer a clearer advantage.

Despite these limitations, the single-identity model demonstrates controllability over
both gaze and head pose, as evidenced by the sweeps across the training distribu-
tion. The smooth transitions observed in these sweeps indicate that disentanglement
of multiple, visually coupled factors is feasible when sufficiently annotated data is
available. Quantitatively, the latent encoding accuracy is higher for head pose than
for gaze, which is consistent with intuition as head pose affects a larger portion of
the image and introduces coarser, more global appearance changes. Meanwhile, gaze
primarily alters fine-scale structures in the eye region.

As in the gaze-only experiment and as expected, the model fails to produce physi-
cally plausible outputs when queried outside the training distribution. For extreme
head poses or gaze angles not represented in the data, the reconstructions degrade
rapidly, exhibiting noise and artifacts. This collapse underscores the strong depen-
dence of autoencoder-based models on the support of the training distribution and
highlights their limited ability to extrapolate. Without explicit geometric priors or
physically grounded constraints, the model cannot be expected to generalize reliably
beyond the range of observed configurations.

The multi-identity setting exhibits qualitatively similar reconstruction behavior,
with smoothing effects present across all training identities. Importantly, the model
maintains consistent gaze and head-pose controllability for each identity in the train-
ing set, albeit with a narrower effective range for head pose due to uneven dataset
coverage. Quantitative results show that the latent encoding accuracy for gaze im-
proves compared to the single-identity case, suggesting that exposure to multiple
identities helps regularize the latent representation and reduce overfitting to indi-
vidual appearance cues.

For an identity not observed during training, the model produces reconstructions
that retain coarse identity characteristics but exhibit substantial distortions, partic-
ularly outside the central facial region. The reconstructed face can be interpreted as
an interpolation of identities in the training set that are perceptually similar in terms
of skin tone, facial symmetry, and eye appearance. Hair and background regions,
which are less constrained by the training data and more variable across identities,
are especially prone to artifacts. Quantitatively, the latent encoding error for both
gaze and head pose increases significantly for the unseen identity, yet the model still
demonstrates a degree of transferable utility as gaze and head-pose sweeps remain
predictable and structured, even if not fully accurate. This behavior suggests that
identity generalization in autoencoder-based models improves gradually as the di-
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versity of identities in the training set increases. With a sufficiently large and varied
identity pool, the latent space could be expected to better capture identity-invariant
structure while reducing reliance on averaging across dissimilar appearances. How-
ever, without explicit identity supervision or disentanglement, the model inherently
interpolates within the training identity distribution rather than synthesizing truly
novel identities.

From an application perspective, these results indicate that autoencoder-based dis-
entanglement is a viable approach for generating controlled variations of gaze and
head pose in domains such as DMS, provided that the operational conditions closely
match the training distribution. The preservation of CRs and the ability to con-
trol gaze and head pose suggest potential utility for synthetic data generation and
augmentation. At the same time, the observed smoothing effects, limited extrap-
olation, and challenges with unseen identities highlight the limitations of purely
image-based autoencoder models. For deployment in safety-critical domains, addi-
tional constraints, richer supervision, or hybrid approaches incorporating geometric
or temporal information would likely be required to achieve robust performance
across the full range of real-world variability.
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5
Future work

This project has primarily focused on the controllability of the latent space. How-
ever, several directions remain to improve both image quality and generalization.
In particular, the distortions observed when introducing unseen identities are not
present for identities within the training distribution. This suggests that the lim-
itation is not primarily due to insufficient disentanglement, but rather to limited
identity diversity in the training data, combined with the deterministic nature of
the autoencoder. A natural direction, therefore, is to improve generalization to new
identities. Inspired by FAZE, which, in addition to a disentangling autoencoder
mentioned in Section 2.5.2, learns a person-specific gaze estimation model from only
a few calibration samples. A similar lightweight adaptation step could be explored
to adapt the model to new identities [32].

Regarding reconstruction quality, the current model exhibits smoothing artifacts
commonly associated with pixel-wise losses. Theory and related works utilizing
a PatchGAN refiner indicate improved high-frequency detail, although this comes
at the cost of introducing minor artifacts [52]. In addition, adversarial refinement
complicates pixel-level evaluation, such as CR localization, since the outputs are no
longer strictly aligned with the input at a pixel level.

Another interesting direction is the use of more expressive decoders. Work com-
bining autoencoders with diffusion-based decoders has demonstrated high-fidelity
reconstructions in related domains [34]. These approaches typically rely on hybrid
latent representations that combine deterministic encodings with stochastic com-
ponents sampled from a prior distribution. Exploring similar hybrid formulations
in this setting could improve reconstruction quality while preserving controllability,
although their applicability to manipulations such as gaze and head-pose redirection
remains unexplored to the best of our knowledge.

Due to data access restrictions, standard open-source datasets and commercial eval-
uation tools could not be used in this work. Future work should therefore incorporate
task-specific losses, such as a gaze consistency loss, to ensure alignment between gen-
erated outputs and condition labels. In addition, incorporating identity-based losses
using pre-trained identity encoders could reduce the reliance on pixel-wise supervi-
sion and improve perceptual quality while preserving identity.

From a data perspective, applying the proposed approach to real DMS footage is a
necessary step toward evaluating its practical applicability. One possible direction is
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to leverage state-of-the-art gaze and head-pose estimators to automatically annotate
larger driver-cabin datasets. In addition, modern multi-camera DMS configurations
enable richer forms of data acquisition. For example, synchronized observations
from multiple viewpoints could capture the same subject simultaneously, facilitat-
ing the creation of geometrically consistent datasets spanning a broader range of
head poses and gaze directions. Such datasets could support more realistic syn-
thesis approaches that explicitly incorporate 3D spatial relationships and viewpoint
consistency, as discussed in Section 2.5.2.

Overall, improving generalization to unseen identities, enhancing high-frequency
reconstruction quality, and incorporating stronger supervision signals remain key
challenges for future work.
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6
Conclusion

This thesis showed that gaze direction and head pose can be controllably manip-
ulated in image space using a disentangled encoder-decoder framework while pro-
ducing photorealistic images. Within the training distribution, latent swapping
combined with pixel-wise reconstruction losses enabled consistent control of gaze
and head pose while preserving key visual features such as corneal reflections.

The main contribution of this work is a controlled experimental framework for study-
ing image-based gaze and head-pose redirection across increasing levels of complex-
ity, from a single-identity gaze-only setting to a multi-identity setting with joint
head-pose and gaze variation. A central part of this contribution is the design of a
dedicated data-collection pipeline in which participants perform regulated smooth
pursuit under a known geometric setup, enabling dense and continuous gaze labels.
In addition, the thesis contributed a task-relevant evaluation strategy based on CR
detection, which complements standard reconstruction and encoding metrics, and
showed that a Laplacian-based edge loss improves preservation of high-frequency
details even when the visual effect is subtle.

At the same time, the results highlight clear limitations of deterministic autoencoder-
based models. The models relied strongly on the support of the training distribution,
exhibited smoothing due to pixel-wise losses, and degraded for unseen identities and
out-of-distribution configurations. Overall, this work establishes image-based disen-
tanglement as a promising framework for controllable gaze and head-pose manipu-
lation and a meaningful step toward synthetic data generation for driver monitoring
systems.
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Appendix 1

A.1 Results
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Figure A.1: Dense sweep over gaze angles for pitch (rows) and yaw (columns) over
the full training distribution range for the gaze-only model trained in Chapter 3.
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Figure A.2: Sweeps over head pose angles, for pitch (rows) and yaw (columns),
from the multi-identity model trained in Chapter 4 for two of the participants in
the dataset.

A.2 Multi-Identity Dataset

Figure A.3: Head pose coverage of identity 7 in the multi-identity dataset in
degrees of yaw and pitch.
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Figure A.4: Head pose coverage for each identity in the multi-identity dataset,
visualized as heatmaps over yaw and pitch angles. The distributions illustrate the
variability in head movement across identities and highlight differences in data den-
sity and coverage.

A.3 Ablation Studies

A.3.1 Latent Dimensionality
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Figure A.5: Arbitrarily chosen test images (GT) reconstructed for several latent
dimensionalities for the gaze-only model trained in Chapter 3.
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Figure A.6: Gaze redirections outside of training distribution over all ablated
latent dimensionalities for the gaze-only model trained in Chapter 3.
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A.3.2 Autoencoder Architecture

ResNet

Lean AE

GT

Figure A.7: Comparison of reconstructions of arbitrarily chosen test images (top
row) using the lean autoencoder from Chapter 3 (middle row) and the ResNet-
based autoencoder from Chapter 4 (bottom row), both trained on the single-identity
dataset. The reconstruction quality difference clearly supports the introduction of a
more complex and capable architecture when moving on from the gaze-only dataset.
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-15◦ -7.5◦ 0◦ 7.5◦ 15◦

ResNet

Lean AE

(a) Head-pose sweep over yaw with pitch fixed at −15◦.

-15◦ -7.5◦ 0◦ 7.5◦ 15◦

ResNet

Lean AE

(b) Head-pose sweep over yaw with pitch fixed at 0◦.

-15◦ -7.5◦ 0◦ 7.5◦ 15◦

ResNet

Lean AE

(c) Head-pose sweep over yaw with pitch fixed at 15◦.

Figure A.8: Sweeps over yaw angles for head pose for different fixed pitch angles
using the lean autoencoder from Chapter 3 (first row) and the ResNet-based autoen-
coder from Chapter 4 (second row) in each of the subfigures, both trained on the
single-identity dataset. While both equally disentangle the latent space and yield
controllability over head pose as a factor, there is visible difference in image quality
between the two, with the ResNet-based model outperforming the autoencoder from
Chapter 3.
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Table A.1: Summary of model performance on the single-identity dataset compar-
ing the lean autoencoder from Chapter 3 and the ResNet-based autoencoder from
Chapter 4. The rows signify which model was used, and the columns signify the
evaluation metric. The encoding of head pose and gaze, and CR localization error
is measured using MAE.

Model Head Pose
Yaw (◦)

Head Pose
Pitch (◦)

Gaze
Yaw (◦)

Gaze
Pitch (◦)

CR
(px)

Acc. F1

Lean AE 0.23 0.24 1.35 0.47 1.53 0.40 0.50
ResNet AE 0.21 0.21 1.27 0.38 0.88 0.93 0.96

CR
(GT)

No CR
(GT)

CR
(Recon)

No CR
(Recon)

(a) Lean AE.

CR
(GT)

No CR
(GT)

CR
(Recon)

No CR
(Recon)

(b) ResNet AE.

Figure A.9: Confusion matrices of the lean autoencoder from Chapter 3 and the
ResNet-based autoencoder from Chapter 4. The confusion matrix in Figure A.9b
shows significantly better results compared to the matrix in Figure A.9a, with an
increase in TPs and a reduction in FNs. Coupled with the results from Table A.1,
the ResNet-based autoencoder yields better performance across all metrics, with
only slight decrease in encoding error.
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A.3.3 2x2 Sub-Batch Training

True

False

GT

Figure A.10: Comparison of reconstructions of arbitrarily chosen test images (top
row) using the ResNet-based autoencoder from Chapter 4 without the 2 × 2 sub-
batch training (middle row) and with the 2 × 2 sub-batch training (bottom row),
both trained on the single-identity dataset. The reconstruction quality difference
is minimal, however, CRs are slightly more pronounced in this case for the model
trained without the 2 × 2 sub-batch training.
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-15◦ -7.5◦ 0◦ 7.5◦ 15◦

True
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(a) Head-pose sweep over yaw with pitch fixed at −15◦.

-15◦ -7.5◦ 0◦ 7.5◦ 15◦

True

False

(b) Head-pose sweep over yaw with pitch fixed at 0◦.

-15◦ -7.5◦ 0◦ 7.5◦ 15◦

True

False

(c) Head-pose sweep over yaw with pitch fixed at 15◦.

Figure A.11: Sweeps over yaw angles for head pose for different fixed pitch angles
using the ResNet-based autoencoder from Chapter 4 without the 2 × 2 sub-batch
training (top row) and with the 2×2 sub-batch training (bottom row), both trained
on the single-identity dataset. While the controllability can be observed to be qual-
itatively similar for the two models, there exists slightly better consistency and
artifact-free reconstructions for the model trained without 2 × 2 sub-batch training.
The models exhibit similar CR-reconstruction consistency as for Figure A.10.
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(a) Trained with 2 × 2 sub-batch in-
tervention.

CR
(GT)

No CR
(GT)

CR
(Recon)

No CR
(Recon)

(b) Trained without 2 × 2 sub-batch
intervention.

Figure A.12: Confusion matrices of the autoencoder used in Chapter 4 trained
with (left) and without (right) 2 × 2 sub-batch training. The confusion matrix in
Figure A.12b shows slightly better results compared to the matrix in Figure A.12a,
indicating that the explicit disentanglement intervention does not improve the per-
formance of the CR detection, rather the method harms it.

Table A.2: Comparison of the model used in Chapter 4 without the 2×2 sub-batch
training (top row) and with the 2×2 sub-batch training (bottom row), both trained
on the single-identity dataset. The columns signify the evaluation metric, and the
encoding of head pose and gaze, and CR localization error is measured using MAE.

Model Head Pose
Yaw (◦)

Head Pose
Pitch (◦)

Gaze
Yaw (◦)

Gaze
Pitch (◦)

CR
(px)

Acc. F1

2x2 0.21 0.20 1.28 0.40 0.96 0.91 0.95
No 2x2 0.21 0.21 1.27 0.38 0.88 0.93 0.96

A.3.4 Laplacian Loss

Table A.3: Summary of reconstruction performance for the single-identity autoen-
coder model under different Laplace regularization weights. The rows signify which
model was used, and the columns signify the evaluation metric. The CR localization
error is measured using MAE. λlaplace = 0.25 showcases best numerical performance
for the metrics in the table.

Model CR (px) Accuracy F1
λlaplace = 0 0.90 0.86 0.92
λlaplace = 0.1 0.88 0.92 0.95
λlaplace = 0.25 0.88 0.93 0.96
λlaplace = 0.5 0.87 0.91 0.95
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(a) λlaplacian = 0
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(b) λlaplacian = 0.1
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(c) λlaplacian = 0.25

CR
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No CR
(GT)

CR
(Recon)

No CR
(Recon)

(d) λlaplacian = 0.5

Figure A.13: Confusion matrices of the ResNet-based autoencoder trained with
different weights, λ, for the Laplacian loss, Llaplacian. The confusion matrix in Fig-
ure A.13c shows slightly better results compared to matrices in Figures A.13b and
A.13d, where all three of them show improved performance, with an increase in TPs
and TNs and a reduction in FNs, compared to the baseline in Figure A.13a.
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0.25

0.1

0

GT

Figure A.14: Reconstructions of test images (GT) over models trained with differ-
ent weights for the Laplacian loss, λlaplacian. Reconstructions shows definite qualita-
tive proof of CR presence becoming more prominent and accurate with an introduced
Laplacian loss, with λlaplacian = 0.25 showing best visual results, noticeable in the
eye regions in columns 1 and 2.
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