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Chapter 1

Introduction

In the pursuit of heightened immersion and natural interaction, virtual reality (VR)

systems face stringent requirements for high visual fidelity and low motion-to-photon

latency [4]. VR systems must continuously deliver stereoscopic graphics with high

resolution, a wide field of view, and low latency. Any additional latency can di-

minish the perceived realism of interaction and potentially cause discomfort. Con-

currently, limitations in size, weight, power consumption, and thermal management

hinder head-mounted devices from relying solely on hardware scaling to meet the in-

creasing demands of rendering and interaction. Consequently, achieving high-quality

and low-latency experiences remains a significant challenge in VR system design.

Perception-driven spatial optimization offers an effective approach to this chal-

lenge. In particular, foveated rendering leverages the human visual system’s high

acuity in central vision and reduced acuity in peripheral vision to allocate more com-

putation to perceptually important regions [11], thereby preserving perceived quality

while reducing rendering cost [4]. Moreover, gaze-contingent foveated rendering relies

on real-time eye tracking to locate the gaze point and align the high-quality region ac-

cordingly, improving perceptual efficiency [8]. Therefore, developing a low-latency and

reliable gaze-sensing pipeline is critical for dynamic foveated rendering under wearable

constraints.

State-of-the-art gaze sensing for VR typically relies on dedicated eye trackers or

frame-based RGB cameras [10]. However, in head-mounted settings, rapid eye move-

ments, close-range imaging, and constrained or unstable illumination conditions can

degrade frame-based imaging quality, introducing additional sensing and processing

delay while reducing robustness. These factors limit the reliability of low-latency gaze-
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point updates required for gaze-contingent rendering [1]. To address these challenges,

an event camera reports pixel-level brightness changes asynchronously, offering high

temporal resolution and wide dynamic range. By avoiding motion blur under rapid

motion and reducing redundant data capture, event-based sensing provides a promis-

ing modality for low-latency and power-efficient eye tracking in wearable systems.

Cognitive-science studies further suggest that changes in mental workload can af-

fect attentional resource allocation and may lead to a shrinkage of the useful field of

view (UFOV), accompanied by reduced sensitivity to peripheral information [6] [2].

This implies that the optimal spatial extent of the high-quality region in foveated ren-

dering should not be treated as constant, but may vary with the user’s cognitive state.

Meanwhile, existing event-based gaze-estimation studies primarily focus on geometric

accuracy and latency, and typically do not include mental-workload labels as an ex-

plicit cognitive-state variable [17]. This omission makes it difficult to systematically

analyze the interaction between gaze behavior and mental workload under controlled

and reproducible conditions.

These observations raise a key question: is whether, within an event-based eye

sensing framework, it is possible to simultaneously and reliably estimate gaze loca-

tion and cognitive load, and to systematically characterize the attainable performance

limits and failure boundaries, thereby providing a foundation for cognitively adaptive

interaction and rendering strategies.

For mental-workload recognition, most prior eye-tracking studies adopt free-viewing

or central-stimulus paradigms [13]. In such settings, workload differences often mani-

fest in behavioral cues such as the spatial dispersion of gaze trajectories, overall area

coverage, and large saccades, which provide strong discriminative signals for machine-

learning models. However, in task-driven interactive scenarios, gaze behavior is often

continuously guided by explicit targets, substantially reducing the spatial freedom of

gaze positions. Under such constraints, reliance on spatial-distribution cues becomes

less effective, and workload recognition may need to depend more on fine-grained oc-

ular dynamics such as microsaccades and blinks. This issue is especially pronounced

under the target-guided conditions considered in this study, where gaze trajectories

are intentionally constrained by task demands.

In light of the above motivations, we construct and release an event-camera-based

eye-tracking dataset for task-driven gaze behavior. The dataset includes eye event

streams, gaze-point coordinates, and mental-workload labels graded using an N-back

task, a widely adopted and validated paradigm for controlled manipulation of working-

memory load [5]. To better reflect interactive VR scenarios and reduce reliance on “free
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Chapter 1. Introduction

exploration” cues such as gaze spatial dispersion for workload discrimination, we adopt

a full-screen, randomly guided target-following paradigm that enforces task-driven and

spatially constrained gaze behavior.

On this basis, we define two benchmark tasks—gaze prediction and cognitive load

classification—and establish strong baseline models to systematically evaluate the

learnability of memory load from event-based eye signals, as well as the achievable

prediction accuracy.

In summary, this paper establishes a reproducible benchmark for event-based eye-

tracking research under task-driven and gaze-constrained settings. It evaluates the

achievable performance and failure thresholds for gaze-point estimation and mental-

workload recognition, and discusses implications for future cognitively adaptive inter-

action and rendering strategies.

The primary contributions of this paper are as follows:

• An event-based eye-tracking dataset with cognitive load labels. We

construct and release an event-based eye-tracking dataset that provides eye

event streams, synchronized RGB eye videos, screen-space gaze coordinates, and

graded cognitive load labels based on the N-back task. To the best of our knowl-

edge, this is the first event-based gaze dataset that jointly annotates fixation

behavior and cognitive load, with the explicit goal of enabling cognitively adap-

tive gaze-contingent rendering beyond pure gaze localization.

• A task-driven, gaze-constrained paradigm and benchmarking proto-

col. We propose a full-screen random target-guided tracking paradigm that

enforces task-driven and spatially constrained gaze behavior. Based on this de-

sign, we establish benchmark protocols and data split schemes for both gaze

prediction and cognitive load classification, providing a reproducible evaluation

framework aligned with interactive VR settings.

• Baseline models and empirical validation. We implement and evaluate

strong baseline models, demonstrating the learnability of memory load from

event-based eye signals.

3



1.0.

4



Chapter 2

Related Work

This section reviews prior work related to our study from a system-level perspective

and, based on this review, clarifies the positioning and research gaps addressed by

this paper. Our organization is motivated by a key observation from cognitive science:

variations in memory and mental workload influence the allocation of attentional re-

sources, potentially leading to a contraction of the Useful Field of View (UFOV) and

reduced sensitivity to peripheral information [2] [6] [3] [4]. This suggests that, in

perceptually driven rendering systems, the optimal spatial extent of high-quality re-

gions and the corresponding resource allocation strategies may need to be dynamically

adjusted according to the user’s cognitive load.

Motivated by this observation, we first review research on eye-movement-based

mental workload estimation, summarizing commonly used workload manipulation and

labeling paradigms (e.g., the N-back task) as well as eye-movement cues associated

with workload changes. Existing studies typically focus on gaze localization and lack

joint annotation and systematic evaluation of cognitive states such as mental workload

within a unified data framework. Building on this observation, we further examine how

cognitive state may influence perception-driven rendering and interaction strategies,

and argue that jointly estimating gaze and cognitive load within a unified event-based

eye-sensing pipeline is of fundamental importance for constructing cognitively adaptive

systems. Finally, we discuss the relationship between cognitive state and perceptually

driven rendering and interaction strategies, highlighting the potential significance of

jointly sensing gaze and mental workload within a unified perceptual pipeline.

Through this review, we establish the background for the dataset construction,

task definitions, and experimental evaluation presented in this paper, and motivate

5



2.1. Eye-Movement-Based Mental Workload Estimation

our study of a unified benchmark spanning event-based eye sensing, gaze estimation,

and mental workload.

2.1 Eye-Movement-Based Mental Workload Estima-

tion

Mental workload is a core variable in human factors and interactive system research, re-

flecting the amount of cognitive resources consumed by an individual while performing

a task. It is closely related to task performance, attentional allocation, and subjec-

tive experience [16, 14]. In experimental studies, the N-back task has been widely

adopted as a controllable method for inducing graded levels of mental workload [5].

By varying the memory span (e.g., 0-back, 1-back, 2-back), different levels of work-

ing memory demand can be elicited under relatively stable experimental conditions,

providing reliable workload labels for modeling [5]. Due to its high controllability and

reproducibility, the N-back paradigm has been used not only in eye-tracking studies

but also in multimodal workload assessment involving EEG, heart rate variability,

electrodermal activity, and related signals.

A substantial body of work has investigated whether eye-movement signals can

reflect mental workload. Prior studies have identified various workload-related ocular

cues, including blink rate and blink duration, microsaccades, saccade and fixation

statistics, fixation stability, and—when measurable—pupil diameter variations [13, 3].

These features capture changes in cognitive resource allocation to some extent and

have been used to build mental workload recognition models, ranging from traditional

feature-engineering-based classifiers to more recent end-to-end learning approaches.

However, it is important to note that many existing eye-movement-based work-

load studies adopt experimental paradigms such as free viewing or central-stimulus

setups [13]. In these settings, stimuli are typically concentrated in the center or a

limited region of the display, and participants’ gaze trajectories exhibit strong spatial

separability. As a result, models can often rely on the spatial distribution of gaze

trajectories, coverage patterns, or large-amplitude saccadic behavior to distinguish

workload levels [3]. In contrast, in task-driven interactive scenarios, users’ gaze is of-

ten continuously guided by task goals, leading to reduced spatial freedom of fixation.

Under such constraints, the effectiveness of workload discrimination based primarily

on gaze trajectory geometry may diminish, and finer-grained dynamic signals such as

microsaccades and blinking behavior may become more critical [13].
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Chapter 2. Related Work

At the sensing level, most existing eye-movement-based workload studies rely on

frame-based RGB cameras, infrared cameras, or conventional eye trackers [10]. Al-

though these systems provide reliable fixation and saccade statistics under controlled

laboratory settings, their frame-based sampling mechanisms inherently limit temporal

resolution. Subtle and rapid eye dynamics, such as microsaccades or transient blinking

patterns that may encode fine-grained cognitive fluctuations, can be undersampled or

temporally blurred [1]. Consequently, capturing high–temporal-resolution ocular dy-

namics under wearable and interactive constraints remains challenging, which may

restrict the sensitivity and robustness of mental workload estimation models.

2.2 Event-Based Gaze Tracking

Event cameras output asynchronous, pixel-level brightness changes with high tem-

poral resolution and a wide dynamic range, and they naturally avoid motion blur

commonly observed in frame-based imaging during rapid movements [7]. Leveraging

these properties, recent years have seen a growing body of work on event-camera-based

eye movement and gaze estimation [1, 17]. These studies primarily focus on how to

construct learnable representations from event streams—such as event voxel grids,

time surfaces, event frames, or statistical features—and how to regress or classify gaze

positions based on these representations to achieve low-latency or high-frequency gaze

sensing [1, 17].

Although prior work has demonstrated that event-based eye signals are learnable

for gaze estimation, most existing studies formulate the problem as a gaze-only percep-

tion task, with gaze position as the sole output, and do not incorporate annotations or

analyses related to cognitive state [1, 17]. As a result, these methods are unable to ad-

dress questions that are critical for interactive systems, such as whether eye dynamics

and gaze estimation reliability change systematically under different levels of mental

workload. This limitation constrains the applicability of event-based gaze sensing in

cognitively adaptive interaction and rendering systems.

To address this gap, our work combines event-based gaze tracking with explicit

mental workload annotation, enabling both gaze estimation and workload recognition

within a unified dataset and experimental paradigm. To the best of our knowledge,

the dataset constructed and released in this paper is the first gaze tracking dataset

that simultaneously provides event-based eye data, ground-truth gaze coordinates, and

graded mental workload labels based on the N-back task. This dataset establishes a

reproducible benchmark for future studies and facilitates systematic comparison across
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methods.

2.3 Cognitive State and Rendering: From Gaze to

Fine-Grained Perceptual Strategies

Foveated rendering exploits the characteristics of the human visual system, which

exhibits high acuity in central vision and reduced sensitivity in the periphery, by allo-

cating computational resources preferentially to regions around the gaze point. This

approach can significantly reduce rendering cost while maintaining perceived visual

quality [4]. In dynamic foveated rendering, the high-quality region moves in real time

with the user’s gaze, making end-to-end latency and stability of gaze sensing criti-

cal factors for rendering quality. Excessive tracking latency can lead to misalignment

between the high-quality region and the true gaze position, introducing perceptible ar-

tifacts and degrading user experience [9]. Consequently, low-latency and robust gaze

sensing is a fundamental requirement for effective dynamic foveated rendering.

Beyond gaze position alone, cognitive science research indicates that mental work-

load affects attentional resource allocation and may induce a contraction of the Useful

Field of View (UFOV) along with reduced sensitivity to peripheral information [6, 2].

This observation suggests that, in perceptually driven rendering, the optimal spatial

extent of the high-quality region should not be treated as a constant but may vary with

cognitive state. Under high workload, users may rely less on peripheral information,

potentially allowing more aggressive resource allocation strategies; under low work-

load, a larger high-quality region may be necessary to preserve visual experience [16,

14]. Nevertheless, most existing rendering systems and foveated rendering studies

treat gaze position as the primary control variable and rarely incorporate cognitive

states such as mental workload into rendering strategies or evaluation protocols [4, 8].

Therefore, moving beyond gaze-only sensing toward the joint perception of gaze

and mental workload, and establishing reproducible benchmarks under task-driven,

gaze-constrained interaction paradigms, is crucial for exploring more fine-grained and

human-centered cognitively adaptive interaction and rendering strategies. The present

work follows this direction by providing data, task definitions, and systematic evalua-

tions that lay the groundwork for future methodological and system-level research.
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Chapter 2. Related Work

2.4 Summary

Taken together, the three lines of work reviewed above form a tightly coupled system-

level loop. On the one hand, mental workload research demonstrates that cognitive

state alters attentional allocation and UFOV characteristics, offering an important

complementary perspective beyond gaze position alone for perceptually driven opti-

mization. On the other hand, event-based gaze tracking provides a promising sensing

foundation for low-latency eye movement perception under head-mounted conditions,

yet existing studies largely remain at the level of gaze-only prediction and lack unified

evaluation with respect to cognitive state. Meanwhile, the requirements of rendering

and interaction systems demand perceptual pipelines that are not only low-latency and

robust, but also adaptive to changes in user state, in order to support finer-grained

resource allocation and experience optimization.
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Chapter 3

Experimental Paradigm and

Data Collection

This study aims to build a unified perception framework based on an event camera,

enabling the simultaneous prediction of gaze coordinates and cognitive load. The

goal is to provide reliable inputs for downstream cognitively adaptive resource alloca-

tion strategies, such as dynamically adjusting the high-quality region in perception-

driven rendering. To support this objective, a high-quality and reproducible dataset

is required as the foundation for model training, cross-subject generalization evalua-

tion, and system-level analysis. Therefore, the constructed dataset includes eye event

streams, gaze coordinates temporally aligned with the event data, and graded cogni-

tive load labels derived from the N-back task, allowing gaze behavior and cognitive

state to be modeled and evaluated within a unified framework.

Specifically, we use the N-back task to manipulate different levels of working-

memory load and combine it with a full-screen, target-guided fixation task. Eye event

data are recorded under different load conditions. By synchronizing task stimuli and

target information, we generate gaze annotations aligned with the event streams and

assign cognitive load labels according to task difficulty. The resulting dataset supports

two benchmark tasks—gaze prediction and cognitive load classification—and provides

a consistent data foundation for subsequent model training, cross-subject generaliza-

tion analysis, and reliability evaluation.
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3.2. Participants

3.1 Participants

We recruited 15 healthy adult participants (8 female, 7 male). All participants had

normal or corrected-to-normal vision and reported no history of neurological or visual

disorders. Before the experiment, the participants were informed about the purpose

and procedure of the study and gave their written informed consent.

3.2 Overall Experimental Procedure

The experiment was conducted in a fixed screen-based setup. Participants were seated

approximately 40 cm away from the display, and all data were collected under identical

environmental conditions and hardware configurations. An event camera was rigidly

mounted on a desktop stand and aligned with the participant’s eye to continuously

capture eye-related dynamics (Fig. 3.1).

Figure 3.1: Experimental setup and task paradigm for event-based cognitive workload
recognition. Left: Recording system with a DAVIS346 event camera capturing high-temporal-
resolution eye movements during controlled fixation tasks. Middle: Stimulus design for
no-load, 0-back, and 1-back working memory conditions with different presentation inter-
stimulus interval (750ms, 1500ms). Right: Spatially constrained fixation grid and effective
sampling region for the random target fixation task, ensuring consistent gaze behavior across
stimuli.

Before the experiment began, participants completed a basic posture calibration

procedure. They were instructed to keep their head in a natural position, while a

desktop head stabilizer was used to limit large head movements. This setup ensured a

stable correspondence between eye behavior and screen coordinates, thereby reducing

gaze-estimation errors caused by uncontrolled head motion.

After calibration, participants first performed the fixation task under no-workload

12
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conditions to collect baseline data for gaze-to-screen mapping and to characterize eye

behavior in a workload-free state. Subsequently, participants completed fixation tasks

under different workload levels, manipulated using an N-back paradigm.

Throughout the experiment, the event camera continuously recorded eye event

streams, while task-related behavioral data (e.g., key presses) were logged synchronously.

The experiment was divided into multiple short blocks, with mandatory breaks be-

tween blocks to mitigate fatigue effects.

3.3 Fixation Task Design

This study employs a full-screen random target fixation task to induce stable and

repeatable gaze behavior under controlled conditions. To ensure consistent spatial

structure across experimental conditions, we first design a uniform spatial distribution

of gaze targets.

Within the screen coordinate system, a set of discrete candidate fixation locations

is predefined. To avoid potential display distortion and gaze instability near the screen

boundaries, a margin of 10 pixels on the left and right edges and 40 pixels on the top

and bottom edges is excluded, resulting in an effective display area of approximately

1900×1000 pixels. Within this region, regular grid sampling is performed at 100×100

pixel intervals, yielding 190 spatially uniform fixation points, as illustrated in the fig-

ure 3.2. During the experiment, the target position for each stimulus is randomly

selected from this predefined set, ensuring uniform spatial coverage while prevent-

ing systematic biases due to positional order. All experimental conditions share this

identical spatial configuration.

Based on this spatial design, six experimental conditions are established to sys-

tematically manipulate cognitive load and temporal pressure, as summarized in the

table 3.1. Each condition consists of 200 stimulus presentations, resulting in 1200

trials per participant in total.

Two conditions serve as no-load baselines. In these conditions, the stimulus is a

green dot approximately 15 pixels in diameter (as shown in 3.3(a), used solely to guide

gaze movement and fixation without requiring recognition or judgment. The baseline

conditions are presented at two stimulus intervals: 1500ms (slow) and 750ms (fast),

allowing characterization of pure gaze behavior under different levels of time pressure.

In the cognitive-load conditions, the fixation target is replaced by a pixelated stim-

ulus region of approximately 100× 100 pixels, containing a letter stimulus of 15× 15

pixels. Letters are selected from H, I,O,X,E, as shown in the figure 3.3(b)-(f). These

13



3.3. Fixation Task Design

Table 3.1: Experimental conditions defined by the combination of cognitive load and
presentation speed.

Cognitive load condition Slow (1500 ms) Fast (750 ms)

No load Green fixation dot Green fixation dot
0-back Letter judgment (H) Letter judgment (H)
1-back Letter judgment (1-back) Letter judgment (1-back)

letters primarily consist of linear structures and remain highly distinguishable under

low-resolution display conditions, thereby reducing potential interference from non-

cognitive perceptual factors. Two working-memory paradigms are employed: 0-back

and 1-back, each implemented under slow (1500ms) and fast (750ms) presentation in-

tervals. In the 0-back condition, participants judge whether the current letter matches

the target letter H. In the 1-back condition, participants judge whether the current

letter matches the letter presented in the previous stimulus. This design results in four

cognitive-load conditions with controlled variations in memory demand and temporal

pressure.

Figure 3.2: Screen layout showing the effective sampling region (1900×1000 px, blue) with
excluded margins (gray/red), and the distribution of 190 fixation points (red dots) arranged
in a 100×100 px grid. Green dots indicate example randomly selected target locations during
experimental stimuluss.

Across all conditions, participants provide responses via key presses: the Enter

key if the condition is satisfied and the spacebar otherwise. The system synchronously

records response accuracy and reaction time as behavioral measurements. If a partici-

pant’s accuracy in a given condition approaches chance level(e.g., below 60% accuracy)

, the corresponding data are flagged or excluded in subsequent analyses to ensure data

14



Chapter 3. Experimental Paradigm and Data Collection

(a) Fixation
target

(b) E (c) H (d) I (e) O (f) X

Figure 3.3: Example visual stimuli used in the N-back task. The fixation target is a green
circular dot with a diameter of approximately 15 pixels. Letter stimuli are presented as a
cartoon character holding a single uppercase letter ( E, H, I, O, X), where the letter glyph
size is approximately 15 pixels.

validity.

Through this design, the six experimental conditions form a discrete progression

from no load to higher cognitive load, serving as categorical labels for subsequent model

training and evaluation. Further details of the dataset are summarized in Table 3.2.

Table 3.2: Summary statistics of the EveLoad dataset.

Item Description
#Subjects 15 (8 female, 7 male)
Recording time per subj. 22.5 min
Total recording time 5.6 h
#Stimuli 18,000
#Level (#Class) 6 (No-load/0-back/1-back × Slow/Fast)
Annotation granularity Stimulus-level
Labels per stimulus Stimulus coordinate, workload level, response

3.4 Data Acquisition and Synchronization

During the experiment, the event camera asynchronously recorded pixel-level bright-

ness changes in the eye region, producing a high-temporal-resolution event stream. In

parallel, task-related information—including fixation target positions, stimulus pre-

sentation timing, and behavioral responses—was recorded. All data streams were syn-

chronized using a unified timestamp reference shared with the event camera, ensuring

precise temporal alignment between eye events and task states.

As a result, each stimulus corresponds to a continuous segment of event-based eye

movement data associated with a specific fixation target and mental workload label,

forming the basis for subsequent gaze estimation and mental workload recognition

15
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experiments.

3.5 Stimulus-Level Annotation

Each fixation task instance was defined as an independent stimulus and annotated

using a structured label file. Annotations were organized at the stimulus level and de-

scribed fixation target properties, mental workload conditions, and participant behav-

ior. Each record includes the fixation target’s screen coordinates (x, y), the presented

letter stimulus and whether it was a target (letter, is target), the participant’s re-

sponse and correctness (user response, is correct), and the stimulus start and end

timestamps (start time us, end time us). In addition, stimulus duration statistics

(duration us, duration ms, stimulus event count) and participant and condition

identifiers (participant id, condition, block, stimulus) were recorded.

Based on these annotations, each stimulus can be precisely aligned with a corre-

sponding segment of event-based eye movement data and assigned a unique mental

workload label (e.g., 0-back or 1-back). This stimulus-level annotation scheme pro-

vides a unified and reproducible interface for subsequent gaze estimation and mental

workload recognition analyses.
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Chapter 4

Data Quality Assessment and

Dataset Curation

This chapter provides a systematic quality assessment and curation of the constructed

event-based eye-tracking dataset, which serves as the foundation for all subsequent

modeling and analysis. Rather than optimizing model performance, the focus here is

to validate the dataset from an experimental and methodological perspective, ensuring

temporal continuity, correct label alignment, and the exclusion of samples that violate

experimental assumptions. In addition, the chapter examines whether low-level sta-

tistical properties inherent to event-based sensing—particularly event rate—exhibit

systematic variation across experimental conditions and could therefore act as con-

founding cues. Accordingly, this chapter is organized into two stages: (1) Data Quality

Assessment, which identifies and removes invalid or anomalous samples, and (2) Con-

founding Cue Analysis, which evaluates the potential influence of condition-correlated

sensory statistics. Together, these analyses establish a validated and interpretable

data foundation for subsequent model training and cognitive load evaluation.

4.1 Data Quality Assessment

This section presents a systematic quality assessment of the event-based eye-tracking

dataset, focusing on acquisition reliability and supervision validity. Before conducting

task-level analyses or model training, we verify that the event streams are tempo-

rally continuous, properly aligned with supervisory signals, and free from structural
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anomalies that could bias supervised learning.

Unlike frame-based eye-tracking data, event cameras asynchronously record bright-

ness changes as continuous event streams without explicit frame boundaries. While

this representation provides high temporal resolution, it also increases sensitivity to

timestamp irregularities, recording interruptions, and misalignment between events

and labels. Such issues may not be evident from global statistics but can still affect

model behavior.

Accordingly, we evaluate data quality from three complementary perspectives: (1)

temporal continuity of the event stream, (2) alignment between event data and gaze

supervision, and (3) detection and handling of spatially abnormal samples. These

steps ensure that subsequent analyses are conducted on structurally consistent and

interpretable data.

4.1.1 Temporal Continuity

The first step of data quality assessment is to examine the temporal integrity of the

event stream. Under normal acquisition conditions, an event camera should contin-

uously generate events throughout task execution. Extended periods without events

typically indicate sensor interruptions, data transmission failures, or recording thread

stalls, all of which directly compromise temporal continuity.

To assess temporal continuity, we analyzed the time intervals between consecutive

events within each recording, with particular focus on the maximum inter-event gap

(max gap) and the occurrence of abnormal temporal dropouts. Specifically, the maxi-

mum gap between adjacent events was computed at the stimulus level, and worst-case

values and percentile statistics were aggregated at the condition level to identify po-

tential structural gaps in the temporal domain. stimulus exhibiting gaps exceeding a

predefined threshold of 100ms were further inspected to trace their origin and handled

in subsequent bad-sample processing. As shown in Fig. 4.1(left), the maximum inter-

event interval across recordings remains at a generally low level under all experimental

conditions. Only a very small number of recordings exhibit abnormal temporal gaps

exceeding 100 ms, and these outliers do not show systematic clustering with respect

to task load level or stimulus presentation speed. This result indicates that, even in

the most extreme cases, the event streams do not contain long temporal interruptions

that would violate the experimental assumptions, and temporal continuity is largely

preserved at the recording level.

It should be noted that the maximum inter-event interval only reflects the presence
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Figure 4.1: Temporal continuity assessment. (Left) Maximum gap, (Right) 95th-percentile
gap.

of extreme temporal gaps. Even when the maximum interval of all recordings remains

below an abnormal threshold, the overall temporal rhythm of the event stream may

still undergo systematic changes at the distribution level, for example, a global increase

in inter-event intervals without reaching the level of a true interruption. To exclude

the possibility of a non-interrupted but low-density event stream, we further analyze

the 95th percentile of the inter-event interval distribution.

As shown in Fig. 4.1 (right), the 95th percentile inter-event intervals across record-

ings are highly consistent across experimental conditions, remaining stably concen-

trated around approximately 30 ms and exhibiting no systematic drift with task load

or stimulus speed. This result indicates that, after excluding extreme outliers, the

event generation rhythm is largely preserved across conditions for the vast majority

of time.

It is important to note that the 95th percentile interval characterizes the upper

tail of the inter-event interval distribution rather than the mean event rate. In stable

fixation tasks, event camera outputs typically exhibit a burst-like temporal structure,

where dense events are generated during eye movements or micro-movements, while

event activity becomes relatively sparse during fixation maintenance. As a result,

even when nearly every 10 ms window contains valid events, high-percentile inter-

event intervals may still reach tens of milliseconds. The stability of the 95th percentile

across conditions indicates that this burst-like temporal structure remains consistent

and does not undergo systematic changes between experimental conditions.

Overall, the event data exhibit strong temporal continuity, and the vast majority

of recordings do not contain interruptions that would compromise analytical valid-

ity. Although isolated abnormal gaps are observed in a small number of recordings,
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their proportion is limited and no systematic dependence on subject or experimental

condition is observed. Given that a certain degree of sensing and acquisition noise is

unavoidable in practical event-based recordings, these isolated anomalies are retained

in the dataset and their potential impact is absorbed through statistical aggregation

and learning-based modeling rather than enforced removal.

4.1.2 Alignment Validity

After confirming overall temporal continuity, it is necessary to verify the validity of

temporal alignment between the event data and supervision labels at the stimulus

level. In this study, all data were generated using a unified acquisition and annotation

pipeline, and both fixation targets and experimental condition labels remain constant

throughout each stimulus. Nevertheless, explicit verification on the exported dataset

is required to ensure that event–label correspondence satisfies the basic assumptions

of supervised learning.

Accordingly, three minimal yet sufficient alignment checks were conducted at the

stimulus level. First, we verified that each stimulus contains complete supervision

metadata, including subject identity, experimental condition, stimulus index, and valid

start and end timestamps. Second, we examined the number of events per stimulus

to confirm that each stimulus presentation interval contains valid event input, and

to identify any stimulus with abnormally low event counts. Third, temporal bound-

ary consistency was validated by ensuring that recorded durations match timestamp

differences, thereby excluding segmentation errors.

Across all 20,400 stimulus, no missing supervision fields, inconsistent temporal

boundaries, absent events, or low-density stimulus were detected. These results indi-

cate that the event data maintain consistent temporal-semantic correspondence with

static fixation targets at the stimulus level, and no systematic event–label misalign-

ment is present.

4.1.3 Bad Sample Detection and Removal

Beyond temporal continuity and label alignment, event-based data may also be affected

by sensor-level spatial anomalies, most notably high-frequency events persistently trig-

gered by a small number of pixels (hot pixels). Such anomalies are highly localized in

space and unrelated to genuine eye-movement behavior. If present in sufficient quan-

tity, they may interfere with event-based statistical analysis or model training, and

therefore require basic inspection.
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In this study, hot-pixel detection is primarily conducted through visualization of

the spatial event distribution. Specifically, an accumulated event heatmap is generated

for each recording, and the spatial distribution is inspected individually to identify ab-

normal event concentrations dominated by single pixels. Through this procedure, only

a very small number of hot pixels were observed, with a total count of approximately

six across all recordings. Moreover, these hot pixels did not exhibit any systematic

clustering with respect to specific subjects or experimental conditions, indicating the

absence of sensor-level systematic spatial anomalies.

For the identified hot pixels, a simple spatial masking strategy is applied to remove

events generated at the corresponding pixel locations. This operation acts solely on

the spatial dimension and does not alter the temporal structure or polarity informa-

tion of the event stream. A comparison of event-rate distributions before and after

hot-pixel masking across different experimental conditions shows that the overall dis-

tribution shape and relative relationships between conditions remain unchanged, with

no observable systematic shift introduced by the masking procedure. Based on these

results, all subsequent analyses and modeling are conducted on the hot-pixel-masked

data, while the original data are retained for robustness verification.

4.2 Confounding Cue Analysis

After confirming structural validity in terms of temporal continuity, label alignment,

and spatial integrity, the dataset satisfies the basic experimental assumptions. How-

ever, structural correctness does not preclude the presence of potential confounding

factors during model learning. In event-based sensing, models may implicitly exploit

low-level statistical properties that correlate with experimental conditions, even in the

absence of explicit acquisition errors.

In the current design, combinations of memory load and stimulus presentation

speed may influence global event statistics, such as event rate. Although such dif-

ferences are not anomalies, systematic correlations with task conditions could bias

model interpretation. Therefore, potential confounding cues must be examined prior

to task-specific modeling.

To this end, we analyze event rate as a representative low-level statistic. We

first compare event-rate distributions across conditions at the cross-subject level, and

then conduct subject-wise normalized analyses to assess within-subject consistency

and stability. This evaluation determines whether event rate forms a stable condition-

related structure in the dataset.
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4.2.1 Event Rate Distribution Across Conditions

After completing data quality control and removing non-behavioral spatial artifacts

such as hot pixels, we examine the statistical behavior of event rate across experimental

conditions. Event rate is defined as the number of events generated per unit time

(events/s), reflecting the overall responsiveness of the event camera to retinal motion

and local luminance changes. As a spatially agnostic low-level statistic, event rate can

be readily exploited by learning models, making it necessary to first characterize its

distributional properties under different memory load and stimulus speed conditions.

Figure 4.2 shows the cross-subject distributions of event rate under the six ex-

perimental conditions (No Load, 0-back, 1-back × Slow / Fast). Substantial overlap

can be observed across all conditions, with no clear separable boundaries in absolute

value. Within-condition variability is large, and the magnitude of cross-subject varia-

tion exceeds the differences between condition-wise means or medians, indicating that

individual differences dominate the absolute scale of event rate.

Figure 4.2: Effect of within-subject normalization on event rate distributions across ex-
perimental conditions. Left: raw event rates. Right: within-subject normalized event rates.

From the relative positions of condition-wise central tendencies, no consistent

monotonic trend across memory load levels is observed. For instance, the 0-back con-

dition exhibits slightly higher event rates under some speed settings, while the 1-back

condition tends to occupy an intermediate range. The No Load condition occasionally

corresponds to lower event rates, but this pattern is not consistently present across

subjects. Similarly, differences between Slow and Fast conditions are modest and do

not scale proportionally with stimulus presentation speed.

It is important to note that event rate reflects event density per unit time rather

than the total number of events per stimulus. Since Slow and Fast conditions differ
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substantially in stimulus duration, total event counts are not directly comparable

across these conditions. Event rate therefore serves as a normalized measure that

avoids confounding effects introduced by differences in temporal window length.

Overall, event rate does not form a clearly separable or generalizable structure

across experimental conditions at the cross-subject level. Although small systematic

shifts can be observed in condition-wise central tendencies, these effects are largely

masked by inter-subject variability. Cross-subject distributions alone are therefore

insufficient to determine whether event rate encodes stable condition-related informa-

tion, motivating further analysis at the within-subject level.

4.2.2 Information Stability Analysis

The preceding analysis indicates that absolute event-rate values are strongly influenced

by individual differences. However, this observation does not exclude the possibility

that event rate may respond to condition changes in a consistent manner within in-

dividual subjects. To assess this possibility, event rate is further analyzed at the

within-subject level.

For each subject, event rates under different experimental conditions are normal-

ized by subtracting the subject-specific mean. This transformation removes differences

in overall event generation levels between subjects and focuses the analysis on relative

changes induced by experimental conditions.

Figure 4.2 shows the distributions of within-subject normalized event rates across

all conditions. For all conditions, the distributions are centered around zero, with

both medians and means remaining close to zero. No condition exhibits a systematic

positive or negative shift relative to the subject-specific baseline, indicating the absence

of a consistent directional response.

Comparisons across conditions reveal similar dispersion and value ranges. No con-

dition consistently shows higher or lower normalized event rates within subjects. Al-

though some subjects exhibit pronounced deviations under specific conditions, the

directions of these deviations are not consistent across subjects and do not form a

shared pattern.

These results indicate that, after removing subject-level baseline differences, event

rate lacks stable and consistent responses to experimental condition changes at the

within-subject level. Condition-related effects in event rate primarily manifest as

subject-specific fluctuations rather than a unified condition-driven structure. Without

introducing explicit discriminative modeling, event rate alone does not support reliable
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differentiation of experimental conditions. The implications of this finding are further

discussed in subsequent sections in conjunction with modeling results.
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Methods

This chapter presents the methodology for two learning tasks constructed from asyn-

chronous eye-tracking event streams: (i) gaze estimation, formulated as continuous

coordinate regression, and (ii) cognitive load prediction, formulated as six-class clas-

sification. Although both tasks share the same raw event source, their supervision

structure and modeling objectives differ, resulting in task-specific input representa-

tions and model designs.

We describe the preprocessing pipeline, model architectures, loss functions, and

experimental protocols for both tasks, forming the methodological basis for subsequent

analysis.

5.1 Data Preprocessing

This section describes the preprocessing pipeline that transforms raw event streams

into trainable samples. Since gaze estimation and cognitive load prediction use differ-

ent supervision signals and objectives, their sample construction and data partitioning

strategies differ. We therefore introduce the task-specific label processing, event rep-

resentation, and split protocols used in this work.

5.1.1 Data Preprocessing for Gaze Estimation

This section introduces the data processing workflow for the gaze point estimation task.

Because this task has high requirements for temporal continuity and spatial positioning

accuracy, data preprocessing involves not only the construction and filtering of the
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original event stream, but also the temporal alignment of supervision labels and sample

generation strategies. We describe gaze label interpolation, event window construction

and filtering, and the within-subject split protocol used for training and evaluation.

1. Gaze Label Processing

In the gaze estimation task, each stimulus corresponds to a discrete target coordinate

(x, y) on the display and is associated with a start timestamp ts and an end timestamp

te. Since target locations change abruptly across stimuli, directly assigning a constant

label throughout each stimulus would introduce temporal discontinuities in the super-

vision signal at stimulus boundaries. Such discontinuities are inconsistent with the

continuous nature of eye movement, as subjects typically undergo a transition phase

when shifting gaze from the previous fixation point to the new target.

To alleviate this discontinuity introduced by stimulus-level discrete labels, a tem-

porally continuous supervision signal is constructed by applying linear interpolation

at the beginning of each stimulus. Specifically, during the initial Tinterp = 100ms

interval following stimulus onset, the supervision signal gradually transitions from the

previous stimulus target location to the current target location in a linear manner.

After this interpolation interval, the label remains constant at the current stimulus

coordinate for the remainder of the stimulus.

For the first stimulus in a sequence, where no preceding target exists, the label is

directly set to the current stimulus target without interpolation.

During sample generation, each event window is assigned a supervision label by

aligning the window end time with the interpolated gaze signal along the temporal

axis. This strategy ensures temporal consistency while preserving causality, as the

supervision assigned to each window depends only on information available up to the

prediction time.

To assess the influence of interpolation on model performance, an additional train-

ing setting without label interpolation is included as a control condition for compari-

son.

2. Event Data Processing

This section describes the event processing pipeline adopted for the gaze estimation

task. Since accurate gaze prediction requires both high spatial precision and strict

temporal consistency, the preprocessing procedure is designed to suppress noise while

preserving event structures that are informative for eye movement dynamics. Given the

highly transient nature of saccades and fixation transitions, the temporal structure of
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the event stream must be maintained under a strict causal constraint. Accordingly, the

processing pipeline consists of stimulus-level valid sampling, causal temporal window

construction with weighted filtering, and event frame representation.

stimulus-Level Valid Sampling Region To avoid cross-stimulus contamination

and low-information event segments, samples are generated only from a fixed prefix

interval following stimulus onset. The valid sampling duration is set to Tvalid = 500ms,

and event data outside this interval are excluded from gaze sample construction. This

constraint reduces the influence of late-stage fixation periods where event activity may

be less informative for gaze localization.

Causal Temporal Windowing and Weighted Filtering To suppress windows

dominated by peripheral noise while emphasizing recent eye dynamics, we compute a

weighted event contribution score using temporal decay and spatial center weighting.

Windows whose score is below a threshold Smin are discarded before representation

construction. The same decay constant is used for both window scoring and event

accumulation to keep the filtering criterion consistent with the final representation.

Event Frame Representation For retained windows, events are accumulated into

a two-channel, polarity-separated event frame representationX ∈ R2×H×W . Temporal

decay is applied during accumulation to emphasize recent events. The accumulated

values are clipped at an upper bound L and normalized to a fixed numerical range to

ensure consistent distribution across windows and improve training stability.

The key hyperparameters used in event windowing and frame construction are

summarized in Table 5.1.

Table 5.1: Key parameters used in event windowing and event frame construction.

Parameter Value Description
Window length Tw 10ms Length of causal temporal window
Step size ∆ 5ms Sliding window step size
Temporal decay constant τ 5000µs Temporal decay weighting parameter
Spatial scale σ 0.2 ·min(H,W ) Gaussian spatial center weighting
Weighted threshold Smin 200 Weighted event contribution threshold
Clipping limit L 15 Upper bound for event frame values
Resolution H ×W 260× 346 Event camera spatial resolution
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3. Split Strategy

In the within-subject setting, a separate model is trained per participant using only

that subject’s samples. To prevent temporal leakage, stimuli are partitioned as the

minimum split unit rather than individual windows. To assess generalization within

the same individual while preventing temporal data leakage, samples are partitioned

at the stimulus level rather than at the window level.

Specifically, stimuli are randomly divided into training, validation, and test sets

with a ratio of 8:1:1. All event windows derived from the same stimulus are assigned

to the same subset, ensuring that temporally adjacent or overlapping samples do not

appear across different splits.

This strategy preserves the temporal integrity of each stimulus and provides a

consistent evaluation protocol for subject-specific gaze modeling.

5.1.2 Event Data Processing for Cognitive Workload Predic-

tion

This section describes the event data processing procedure adopted for the cognitive

workload prediction task. Unlike gaze estimation, which requires fine-grained temporal

alignment with continuous supervision, workload prediction focuses on discriminative

event statistics and short-term temporal dynamics. Accordingly, event representation

is constructed using fixed event-count aggregation rather than fixed-duration time

windows.

Event-Count-Based Frame Construction The raw event stream is segmented

according to a fixed number of events. Specifically, every Ne consecutive events are

accumulated to form a two-channel, polarity-separated event frame. This strategy en-

sures that each frame contains a comparable amount of information, thereby reducing

variability caused by fluctuations in event rate.

To encode short-term temporal dynamics, T consecutive event frames are stacked

along the channel dimension to form the final input tensor

X ∈ R(2T )×H×W . (5.1)

In this work, we set Ne = 1000 events per frame and T = 10 frames per sample,

resulting in 2T = 20 input channels. Temporal decay, value clipping, and normaliza-

tion follow the same configuration as described in the gaze estimation preprocessing
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stage.

Evaluation Protocol and Data Splitting All samples are generated offline during

preprocessing. To evaluate model performance under different generalization settings,

three splitting protocols are considered.

Within-subject setting. For each subject, stimuli are treated as the minimum parti-

tioning unit and are divided into training, validation, and test sets with a fixed ratio of

8 : 1 : 1. All samples derived from the same stimulus are assigned to the same subset,

thereby preventing temporal leakage caused by overlapping or adjacent frames.

Cross-subject setting. Subject identity is used as the minimum split unit. In each

split, one subject is reserved for validation, another distinct subject is reserved for

testing, and the remaining subjects jointly form the training set. All stimuli belong-

ing to a subject are assigned to a single subset, ensuring that no subject appears

simultaneously in training and evaluation stages.

Pooled multi-subject setting. For each subject, stimuli are first partitioned into

training, validation, and test subsets using the same 8 : 1 : 1 ratio. After subject-wise

partitioning, all training subsets are merged to form a unified training set, and the

same merging procedure is applied to validation and test subsets. Under this protocol,

the model is trained on data from multiple subjects simultaneously while preserving

stimulus-level integrity within each individual.

5.2 Model Design Space

Due to the different output spaces and supervision signals, we adopt task-specific

model designs. Gaze estimation predicts continuous coordinates in display space,

while workload prediction outputs six-class logits. This section describes the gaze

estimation model and the workload classification model used in experiments.

5.2.1 Gaze Estimation Model

The overall architecture of the gaze estimation model is illustrated in Fig. 5.1. The

network follows an encoder–neck–prediction head structure, where event-based inputs

are progressively transformed into spatial response maps and an associated uncertainty

estimate.
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Figure 5.1: Gaze estimation model architecture. The network processes a two-channel
event frame using a MobileNetV3-Large backbone and GazeNeckLite module. Parallel
heatmap and sigma branches predict gaze coordinates and uncertainty, respectively.

Input. As shown in Fig. 5.1, each gaze sample consists of a single two-channel event

frame constructed from a causal temporal window:

X ∈ RB×2×H×W . (5.2)

The two channels correspond to positive and negative event polarities.

Backbone. The input tensor is first processed by a MobileNetV3-Large backbone,

which extracts hierarchical spatial features from the event representation. The first

convolutional layer is adapted to accept two-channel input, and the output stride is

set to 8 to preserve sufficient spatial resolution for precise localization.

Neck. The backbone features are then fed into a lightweight feature fusion module,

GazeNeckLite, as depicted in Fig. 5.1. This module aggregates multi-scale informa-

tion into a high-resolution representation. Coordinate encoding and lightweight chan-

nel attention mechanisms are incorporated to enhance spatial awareness and improve

localization accuracy.

Prediction Head and Decoding. Finally, the fused feature map is passed to the

regression head, which contains two parallel branches. The heatmap branch produces

a single-channel spatial response map (heatmap logits), which is upsampled to the

original spatial resolution. The logits are converted into a spatial probability distribu-
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tion via softmax, and continuous gaze coordinates are obtained through soft-argmax

decoding.

In parallel, a sigma branch predicts an uncertainty scale parameter σ, providing

an explicit estimate of prediction reliability, as illustrated in Fig. 5.1.

5.2.2 Cognitive Workload Classification Model

The overall architecture of the cognitive workload classification model is illustrated

in Fig. 5.2. The network processes stacked event-frame representations and produces

six-class logits corresponding to workload conditions.

Figure 5.2: Architecture of the cognitive workload classification model. Ten consecu-
tive two-channel event frames are stacked to form a 20-channel input tensor. The adapted
MobileNetV3-Large backbone extracts spatial features, followed by Global Average Pooling
(GAP) and an MLP classification head that outputs six-class logits corresponding to work-
load conditions.

Input. As shown in Fig. 5.2, each workload sample consists of a 20-channel tensor

formed by stacking 10 consecutive two-channel event frames:

X ∈ RB×20×H×W . (5.3)

Backbone. The input tensor is processed by a MobileNetV3-Large backbone, with

the first convolutional layer adapted to accept 20-channel input. To leverage ImageNet-

pretrained weights, the original 3-channel convolution kernels are averaged across chan-

nels, replicated to match the 20-channel dimensionality, and scaled to preserve output

magnitude.

Classification Head. The extracted backbone features are first reduced by Global

Average Pooling (GAP), producing a compact feature vector. This vector is then

passed to an MLP head consisting of a linear projection, normalization layer, Hardswish
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activation, Dropout, and a final linear layer that outputs six-dimensional logits corre-

sponding to the workload categories.

5.3 Loss Functions

This section describes the optimization objectives used for the two tasks. Since gaze

estimation and cognitive workload prediction differ in output space and supervision

form, task-specific loss functions are adopted. Gaze estimation is formulated as a con-

tinuous regression problem with uncertainty modeling and spatial supervision, whereas

workload prediction is treated as a multi-class classification problem optimized using

cross-entropy loss.

5.3.1 Gaze Estimation Loss

The gaze estimation objective jointly constrains coordinate accuracy and spatial re-

sponse consistency. The overall loss function is defined as

L = wxy Lxy + wheat Lheat, (5.4)

where Lxy denotes the coordinate regression loss and Lheat denotes the heatmap su-

pervision loss.

Coordinate Regression Loss. The coordinate loss combines Smooth L1 regression

with a Gaussian negative log-likelihood (GNLL) term:

Lxy = (1− w)Lsmooth + wLgnll. (5.5)

The Smooth L1 term penalizes the deviation between the predicted coordinate x̂

and the ground-truth coordinate x:

Lsmooth = SmoothL1(x̂,x). (5.6)

To incorporate uncertainty estimation, the GNLL term is defined as

Lgnll =
d2

2σ2
+ 2 log(σ), (5.7)

where d denotes the Euclidean distance between x̂ and x, and σ is the predicted

uncertainty scale.
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Heatmap Supervision Loss. To encourage spatially coherent response distribu-

tions, a target heatmap H is constructed as a two-dimensional Gaussian centered at

the ground-truth location. The predicted heatmap Ĥ is supervised using focal loss:

Lheat = FocalLoss(Ĥ,H). (5.8)

5.3.2 Workload Classification Loss

The cognitive workload prediction task is formulated as a six-class classification prob-

lem. Given model logits zi ∈ R6 and ground-truth label yi ∈ {0, . . . , 5}, the optimiza-

tion objective is the standard cross-entropy loss:

Lcls = − 1

N

N∑
i=1

log
exp(zi,yi)∑6
c=1 exp(zi,c)

. (5.9)

5.4 Experimental Configurations

This section specifies the evaluation protocols and training settings for gaze estima-

tion and cognitive workload prediction. We report the data partition strategy, input

construction, model configuration, and optimization details. Gaze estimation is evalu-

ated under a within-subject protocol, whereas workload prediction is evaluated under

within-subject, cross-subject, and pooled multi-subject settings.

5.4.1 Gaze Estimation Experiments

Gaze estimation experiments follow a within-subject protocol, where one model is

trained per participant. Stimuli are partitioned into training, validation, and test sets

with a fixed ratio of 8:1:1.

Input and Window Configuration. Event frames are constructed from causal

temporal windows of 20ms with a step of 10ms. Only the first 500ms after stimulus

onset is used for sample generation. Windows with fewer than 200 events are discarded.

Temporal decay uses τ = 5000µs, values are clipped at L = 15 before normalization,

and spatial center weighting is enabled (Gaussian scale factor 0.25).

Model and Optimization. The model follows Section 5.2.1 (MobileNetV3-Large,

stride 8; GazeNeckLite with 160 channels and two blocks; head mid-channel 96; soft-

argmax temperature 0.35). Training uses Adam for 300 epochs with learning rate
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1.5 × 10−3, weight decay 1 × 10−4, and batch size 32. Gradient clipping (max norm

0.5) and AMP are enabled. All runs use seed 42.

Loss. Coordinate regression and heatmap supervision are equally weighted (wxy =

1.0, wheat = 1.0). The heatmap loss uses MSE. GNLL is implemented but disabled in

these experiments (weight set to zero).

5.4.2 Cognitive Workload Prediction Experiments

Workload prediction uses the event-count-based representation in Section 5.1.2. Each

sample stacks 10 consecutive frames built from 1000 events per frame (20 channels).

Temporal decay uses τ = 10,000µs, and values are clipped by a percentile-based

threshold before normalization.

Evaluation Protocols. Three settings are considered. (i) Within-subject: one

model per participant; stimuli are split into train/val/test with 8:1:1. (ii) Cross-

subject: subjects are the minimum split unit; one subject is used for validation, a

different subject for testing, and the remaining subjects for training. (iii) Pooled

multi-subject: stimuli are first split per subject with 8:1:1, then merged across sub-

jects within each split to form pooled train/val/test sets.

Model and Optimization. The model follows Section 5.2.2 (MobileNetV3-Large

backbone, stride 8, adapted to 20-channel input; GAP + MLP head). Training uses

Adam for up to 20 epochs with learning rate 1 × 10−4, weight decay 1 × 10−4, and

batch size 4. Gradient clipping (max norm 0.5) is applied and seed 42 is used. Early

stopping monitors validation loss with patience 3. AMP is disabled.
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Experiment results

This chapter presents the empirical evaluation of the proposed methods on both gaze

estimation and cognitive load classification tasks. We first report quantitative perfor-

mance under different supervision and data-split settings, and then provide detailed

analyses to examine stability, generalization behavior, and underlying statistical char-

acteristics of the event data.

6.1 Gaze Estimation Performance

Under the current dataset and supervision setting, the single-frame event-based CNN

failed to achieve stable and generalizable gaze regression performance.

On the validation set, the average L2 error remained around 450 pixels, which is

substantially higher than the level required for precise screen-space gaze estimation.

Across different training runs, validation performance exhibited noticeable fluctua-

tions, indicating instability in convergence.

Although the training loss consistently decreased over epochs, the validation error

did not show corresponding improvement. This divergence suggests that the model

was unable to learn a mapping that generalizes beyond the training samples.

To verify the correctness of the training pipeline, we conducted overfitting exper-

iments on highly reduced subsets of the data. In these controlled settings, the model

was able to fit the training samples effectively, confirming that the network archi-

tecture, loss formulation, and coordinate transformation were implemented correctly.

Therefore, the poor validation performance cannot be attributed to implementation

errors.
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We further introduced label interpolation to construct continuous gaze trajectories

between discrete target points. However, this modification did not lead to measurable

improvement in validation accuracy.

Overall, under the present formulation—characterized by single-frame event in-

puts and screen-coordinate regression supervision—the model did not exhibit stable

or satisfactory generalization performance.

6.2 Cognitive Load Classification Performance

This section evaluates cognitive load classification under three experimental protocols:

within-subject training, cross-subject generalization, and pooled multi-subject train-

ing. These settings allow us to assess both subject-specific discriminative capability

and cross-individual transferability of the learned representations.

6.2.1 Within-Subject Performance

Figure 6.1 presents the distribution of classification accuracy on the test set under

the within-subject setting. It can be observed that the model achieves relatively high

classification accuracy for most participants, with overall performance concentrated in

a high accuracy range. Except for a small number of subjects, the test accuracy for

most users approaches or exceeds 95%, indicating that under within-subject conditions,

the model can reliably distinguish between different cognitive workload levels.

Figure 6.1: Subject-specific classification accuracy on the test set for 15 participants. The
accuracy of the proposed CNN model (95.5% on average) is compared with a linear SVM
based on low-level event statistics (61.2% on average).
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6.2.2 Cross-Subject Generalization

Under the cross-subject setting, training and testing data were strictly separated at the

participant level. The overall classification accuracy reaches approximately 39%, which

is above the chance level of a six-class task (16.7%) but remains substantially lower

than within-subject performance. Accuracy varies across test participants but stays

within a relatively limited range. The pronounced performance drop indicates limited

cross-individual generalization under the current input representation and supervision

design.

6.2.3 Pooled Multi-Subject Training

Under the pooled multi-subject setting, data from all participants were combined

and then partitioned into training and testing sets at the stimulus level. In this

configuration, samples from the same participants may appear in both training and

testing sets, although no individual stimulus overlaps across splits.

In contrast to the cross-subject setting, the model achieves substantially higher

performance under pooled training. The overall classification accuracy reaches ap-

proximately 90%, indicating that the network is able to learn discriminative patterns

when trained on a mixed distribution of subjects.

Compared with the within-subject results, performance remains competitive, and

no significant instability is observed during training. These findings suggest that,

under shared subject distributions between training and testing data, the model can

effectively capture task-relevant features.

6.3 Result Analysis

This section analyzes the observed performance patterns from both tasks. We examine

potential causes of instability in gaze regression and investigate the statistical char-

acteristics underlying cognitive load classification results, with particular attention to

subject-specific effects and generalization limitations.

6.3.1 Gaze Estimation Analysis

Under the current dataset configuration, the gaze prediction task exhibits pronounced

instability. When evaluated on the full dataset, the validation error consistently re-

mains at a high level, and no stable or sustained downward trend is observed during
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Figure 6.2: Event frames corresponding to the same gaze coordinate label. The yellow
point marks the annotated gaze position. Notice that substantial variations in eye orientation
are observed despite identical coordinate annotations.

training. Despite extended optimization and repeated tuning of hyperparameters, the

validation error continues to fluctuate within a relatively large range and eventually

saturates without meaningful improvement. This behavior indicates limited general-

ization capability under the present setting.

To rule out the possibility that the observed performance limitation is caused by in-

sufficient model capacity or suboptimal training strategies, we systematically evaluated

multiple model variants and optimization configurations, including different backbone

architectures, loss formulations, and temporal input constructions. Across these con-

figurations, no significant or consistent improvement in validation performance was

observed. Although certain settings reduced the training error, such improvements

did not transfer to the validation set, and the overall error magnitude remained com-

parable. These results suggest that the instability is not specific to any particular

architectural choice or hyperparameter configuration.

In addition to quantitative evaluation, we conducted a qualitative analysis through

visualization of event frames. By comparing event frames sampled from different

temporal windows within the same stimulus, it can be observed, as illustrated in

the figure 6.2, that even under the same gaze label, the accumulated event frames

differ noticeably in spatial structure. In the example corresponding to the highlighted

yellow screen coordinate, the event frame contains not only information from the

stable fixation phase but also event signals generated during the eye movement from

the previous target to the current one.

This observation indicates that, under the current task design, a stable and con-

sistent supervisory relationship between model inputs and output labels is difficult

to establish. Because the precise onset and offset times of eye movements are not

explicitly annotated for each participant and each stimulus, a single gaze label often

corresponds to multiple distinct eye movement phases. As a result, the input data

associated with the same supervision label do not share a consistent physical meaning
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across time.

Furthermore, within the same labeled interval, events are primarily generated dur-

ing eye movement phases, whereas significantly fewer events are produced during sta-

ble fixation, and in some extended fixation periods, almost no eye-related events are

recorded. Consequently, even if one attempts to retain only the latter portion of each

stimulus to enhance supervisory stability, the effective number of informative events

becomes insufficient to construct a sufficiently large and consistent training set.

Taken together, these observations characterize the empirical behavior of the gaze

prediction task under the current data acquisition paradigm and supervision design:

validation errors remain consistently high across model configurations; the training

pipeline functions correctly under controlled conditions; and the event patterns asso-

ciated with a single gaze label exhibit substantial temporal variability. These findings

provide a basis for the subsequent analysis of task feasibility and supervision design

considerations.

6.3.2 Cognitive Load Classification Analysis

Experimental results reveal a clear performance gap between the within-subject and

cross-subject settings for cognitive load classification. Under the within-subject train-

ing setting, the model achieves consistently high classification accuracy for the vast

majority of subjects, with accuracies stably exceeding 0.95. Only a small number

of subjects (e.g., Subject 3 and Subject 10) exhibit relatively lower performance. In

contrast, under the cross-subject leave-one-subject-out (LOSO) setting, overall clas-

sification accuracy drops substantially to approximately 0.39, accompanied by large

variability across test subjects. These results indicate that while the model can ef-

fectively exploit subject-specific discriminative cues under within-subject conditions,

such cues do not exhibit stable consistency across different individuals.

This observation is consistent with findings from prior studies in cognitive science

and eye-movement research [15, 12], which report that working memory load system-

atically modulates oculomotor dynamics. These studies demonstrate that load-related

effects can be detected in measurable eye-movement statistics, including fixation be-

havior and temporal patterns, supporting the view that cognitive state variations are

reflected at the level of observable oculomotor signals. Previous work has shown that

the modulation of eye movement behavior by memory load varies significantly across

individuals. Under identical load conditions, different subjects may exhibit distinct

patterns in fixation stability, blinking behavior, and micro-movement dynamics. As
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a result, memory load does not correspond to a single, subject-invariant behavioral

representation, but instead manifests as subject-specific modulation patterns.

Additional evidence is provided by the confounding cue analysis presented in Sec-

tion 4.2. That analysis demonstrates that low-level statistical indicators, such as

event rate, do not show stable and consistent responses to condition changes even at

the within-subject scale. Instead, their fluctuation patterns are more characteristic of

individual-specific variation rather than effects uniformly driven by experimental con-

ditions. Consequently, under cross-subject settings, models cannot reliably construct

consistent decision boundaries based on these low-level statistical cues.

Furthermore, to examine whether memory load differences are reflected in low-level

event statistics, we introduce a linear support vector machine (SVM) classifier that

operates solely on aggregated event-level features. The purpose of this experiment is

to assess whether, under a within-subject setting, memory load can be distinguished

based purely on the statistical properties of the event stream. Importantly, this analy-

sis is not intended to develop a competitive classification model, but rather to evaluate

the intrinsic discriminative information contained in the underlying event statistics

when subject identity is held constant.

In this experiment, a fixed number of events (10,000) is extracted from the raw

event stream for each sample, from which a set of low-dimensional statistical features

is computed. These features cover polarity-related event counts, event rate and its

temporal variability, as well as coarse statistics describing the overall spatial distribu-

tion of events. A within-subject evaluation protocol is adopted, in which the data of

each subject are independently split into training and testing sets.

Due to the experimental design, the slow conditions correspond to longer temporal

windows and therefore produce a larger number of samples. If overall accuracy were

used directly, the evaluation results would be inevitably biased by class imbalance.

To address this issue, balanced accuracy is adopted as the primary evaluation metric,

ensuring equal weighting across different memory load levels and presentation speed

conditions.

The experimental results are shown in Fig. 6.1. Overall, the within-subject bal-

anced accuracy is mainly concentrated averages around 61%, which is clearly above the

random baseline of a six-class classification task (16.7%). This result indicates that,

under fixed-subject conditions, memory load and temporal rhythm can already be dis-

criminated to a certain extent using only low-level event statistical features. This ob-

servation suggests that memory-load-related information is not confined to high-level

semantic or complex spatiotemporal representations, but is already partially reflected
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in the statistical distribution of event data.

Further analysis of the feature weights learned by the linear SVM, as illustrated

in Fig. 6.3, shows that the classification decisions are primarily driven by polarity-

related event count features as well as event rate and its variability, whereas spatial

distribution statistics contribute relatively little. This finding indicates that, within a

single subject, the effect of memory load on eye movement behavior is mainly man-

ifested through changes in event generation intensity and temporal structure, rather

than through pronounced alterations in the overall spatial distribution of events. In

other words, even without explicitly modeling fine-grained spatial structure, it is still

possible to capture memory-load-induced behavioral differences to a certain extent by

characterizing the statistical distribution of events.

Figure 6.3: Linear SVM feature importance (average —coefficient—). Event count and
rate-related features dominate classification, whereas spatial statistics have limited contribu-
tion, indicating that memory load effects are mainly expressed through event intensity and
temporal structure.

Taken together, this analysis demonstrates that, under within-subject conditions,

memory load information is already partially encoded in low-level event statistical

features. This result provides a useful baseline for the design of more complex models,

while also highlighting that reliance on low-level statistics alone is unlikely to support

stable discrimination across all subjects and conditions. Consequently, these findings

motivate the exploration of higher-level spatiotemporal modeling and cross-subject

generalization analysis in subsequent work.

Overall, the observed high classification performance under within-subject training

41



6.3. Result Analysis

settings can be largely attributed to subject-specific statistical regularities present in

the event data. When such regularities are not consistent across different subjects,

cross-subject classification performance degrades accordingly. This result reveals a

core challenge faced by event-camera-based cognitive state recognition, namely how

to disentangle subject-specific low-level statistical cues from condition-related infor-

mation that is genuinely transferable across individuals.
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Discussion

This chapter discusses the implications of the experimental results. We analyze the

structural factors that affect model stability and generalization. These include super-

vision design, characteristics of event-based representations, and inter-subject vari-

ability. The aim is to clarify the applicability boundaries of the current modeling

paradigm and to identify directions for future improvement.

7.1 Analysis of Gaze Point Prediction under the

Current Dataset Setting

The instability observed in gaze regression arises from a mismatch between the event-

based input representation and the supervision design under the current dataset set-

ting.

In this work, gaze prediction is formulated as a regression problem. Each single-

frame event representation is required to predict a precise screen-space gaze coordinate.

However, gaze labels are derived from discrete fixation targets. There is no explicit

annotation of saccade onset, offset, or stable fixation phases. As a result, the same

gaze coordinate may correspond to different eye movement states at different times.

From the perspective of event sensing, these states produce substantially different

event patterns. Saccades generate dense and spatially distributed events. Stable

fixation produces sparse and near-static frames. Therefore, even when the supervision

label remains unchanged, the associated event frame may encode very different motion

information. This weakens the consistency between input and label and makes stable
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regression difficult.

Label interpolation does not fundamentally resolve this issue. Although interpo-

lation creates a continuous trajectory between discrete targets, it does not guarantee

that each coordinate corresponds to a consistent eye movement state. The same co-

ordinate may still appear under different dynamic conditions. This limits the model’s

ability to learn a reliable mapping.

Under the present setting—single-frame event input with fixation-based supervision—screen-

space gaze regression does not yield stable generalization. This outcome reflects con-

straints of the dataset design rather than a fundamental limitation of event cameras.

Tasks that align more closely with the dynamic sensing characteristics of event cam-

eras, such as eye movement phase recognition or relative gaze change estimation, are

structurally more compatible under the current acquisition paradigm.

7.2 Within-Subject and Cross-Subject Performance

in Memory Load Classification

In contrast to gaze prediction, memory load classification exhibits clearer but condition-

dependent performance characteristics.

Under a within-subject training setting, the model can reliably distinguish different

memory load conditions. Under a cross-subject leave-one-subject-out (LOSO) setting,

overall classification performance drops substantially. Performance also varies consid-

erably across test subjects. This contrast suggests that memory-load-related patterns

are internally consistent within individuals but do not transfer reliably across subjects.

Prior studies in cognitive load and eye-movement research report substantial inter-

individual differences in behavioral responses under identical task demands. Under

the present acquisition paradigm, these individual differences appear in the statistical

structure of the event stream. As a result, decision boundaries learned from one

subject cannot be directly reused for another.

The performance gap between within-subject and cross-subject settings reflects

subject-dependent modulation patterns embedded in event statistics. This observation

motivates a closer examination of the specific information sources exploited by the

model and their relationship to low-level statistical features.
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7.3 Role of Low-Level Event Statistics in Memory

Load Discrimination

To further understand the asymmetry between training settings, we examine whether

low-level event statistics already encode discriminative information under fixed-subject

conditions.

Statistical analysis shows that event counts, event rates, and their temporal fluc-

tuations exhibit clear individual-specific patterns. Based on this observation, a linear

support vector machine (SVM) using only low-level statistical features was employed

as an analytical tool. The purpose of this experiment is not to construct a competitive

classifier. Instead, it is designed to evaluate whether these features alone are sufficient

for within-subject memory load discrimination.

Results indicate that, for most subjects, SVMs based solely on low-level statistics

achieve accuracies well above chance. Feature-level analysis shows that discrimina-

tion primarily depends on event quantity and temporal characteristics. These include

polarity-specific counts, event rates, and their variability. In contrast, coarse spatial

statistics derived from event locations contribute comparatively little under the same

conditions.

These findings suggest that, for a fixed subject, memory load effects are more

strongly reflected in changes in event intensity and temporal dynamics than in stable

spatial structure. However, these statistical patterns are not consistent across indi-

viduals. Consequently, decision boundaries formed from such features remain stable

within subjects but do not generalize across subjects.

Low-level event statistics therefore provide sufficient information for within-subject

memory load discrimination. At the same time, their individual-dependent nature

explains the limited cross-subject generalization observed in deep models.

7.4 Implications of Temporal Event Statistics for

Fast State Discrimination

The effectiveness of low-level statistical features suggests that, for tasks driven pri-

marily by temporal behavioral modulation, detailed modeling of full spatial structure

may not always be necessary.

In the present setting, discriminative information is largely reflected in event fre-

quency, intensity, and temporal fluctuation patterns. Stable spatial configurations
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play a smaller role.

Because event cameras respond directly to brightness changes, they naturally cap-

ture state-dependent variations in temporal dynamics. Meaningful discrimination can

therefore be achieved using statistical summaries of event activity. This does not

require dense frame-based representations.

This property is advantageous in scenarios with strict latency or computational

constraints, such as rapid cognitive state detection or lightweight monitoring systems.

This implication does not suggest that spatial modeling is unnecessary in general.

Instead, it indicates that when task objectives are closely tied to temporal modulation,

event-based statistical representations provide an efficient and structurally aligned

modeling strategy.

7.5 Limitations and Future Directions

Despite achieving stable within-subject performance in memory load classification and

providing a systematic analysis of event statistics, this study has several limitations

related to dataset design and task formulation.

First, event-based gaze prediction is structurally constrained under the current

acquisition protocol. Reliable gaze regression requires continuous trajectory recording,

precise temporal alignment, and stable eye–screen geometry. These conditions are

not fully satisfied in the present dataset. Consequently, performance is influenced

by event sparsity, geometric variation across subjects, and label uncertainty. This

limitation reflects characteristics of the dataset rather than an inherent weakness of

event cameras.

Second, the modeling paradigm adopted here is particularly effective for tasks cen-

tered on temporal behavioral modulation. While event statistics provide informative

signals for cognitive state recognition without precise spatial alignment, the current

formulation is less suitable for high-precision spatial regression.

Future work aiming to jointly support gaze estimation and memory load recognition

would benefit from additional constraints or auxiliary information. For gaze predic-

tion, improvements may include continuous gaze trajectory recording, explicit saccade

annotation, or subject-specific geometric calibration. Integration with complementary

modalities such as frame-based imagery, head pose estimation, or eye geometry model-

ing may further enhance spatial robustness. Subject-adaptive modeling or lightweight

calibration strategies may also help mitigate inter-subject variability.

In summary, this study highlights both the strengths and structural constraints
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of event-based eye movement modeling under the present dataset design. Temporal

statistical features enable effective within-subject cognitive state recognition. Stable

spatial gaze regression requires more precise supervision and acquisition alignment.

These findings provide guidance for future dataset construction and model formulation

in event-driven eye-tracking research.
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Chapter 8

Conclusion

This work introduced EveLoad, an event-based eye-tracking dataset that jointly pro-

vides eye event streams, gaze-point annotations, and graded cognitive workload la-

bels under a task-driven and gaze-constrained experimental paradigm. By integrating

event-based sensing with controlled N-back manipulation, the dataset establishes a

unified benchmark for studying the interaction between eye dynamics, spatial gaze

estimation, and cognitive state recognition.

Unlike existing eye-tracking datasets that primarily emphasize geometric gaze ac-

curacy or rely on free-viewing paradigms, EveLoad adopts a full-screen, randomly

guided target-following task that explicitly constrains spatial gaze dispersion. This

design reduces reliance on coarse spatial cues and enables systematic investigation of

fine-grained temporal eye dynamics under varying workload conditions. The result-

ing dataset supports two complementary benchmark tasks—gaze-point prediction and

memory-load classification—within a shared sensing and annotation framework.

Through structured data-quality validation and confounding-cue analysis, we demon-

strated that the collected event streams are temporally continuous, properly aligned

with supervision signals, and free from trivial condition leakage via simple sensory

statistics. Based on this validated foundation, we evaluated multiple baseline and

lightweight models, characterized attainable performance ranges, and analyzed failure

modes under both within-subject and cross-subject settings. The results reveal a struc-

tural contrast: while temporal event statistics enable effective within-subject cognitive

load discrimination, cross-subject generalization remains limited, and high-precision

gaze regression is constrained by acquisition geometry and supervision granularity.

Taken together, these findings suggest that event-based eye signals encode informa-
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tive temporal modulation patterns that are particularly suited for dynamic cognitive

state recognition. At the same time, robust spatial gaze estimation under task-driven

constraints requires stronger geometric supervision and alignment mechanisms. By re-

leasing EveLoad together with benchmark protocols and analysis pipelines, this work

provides a reproducible experimental basis for future research on event-driven eye

tracking, reliability-aware modeling, and cognitively adaptive interaction systems.
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