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Abstract

With the rise of online platforms and avatar-based communication, understanding eye con-
tact a key non-verbal cue is crucial for trust in conversations. This study examines eye contact

behavior across face-to-face interactions, a screen-sized window interface, and online meetings.

We collected twelve hours of eye contact data from 48 individuals using eye trackers and
motion capture in dyadic settings. Our analysis showed consistent eye contact patterns in
face-to-face and screen-sized window interactions, while online meetings caused significant

shifts due to the lack of direct eye contact.

To model this behavior, we trained a diffusion model (DDPM) to generate synthetic
eye movements that preserved key features of real data. We evaluated our model using
metrics such as eye contact frequency. This study provides insights into how communication
media influence gaze behavior and explores methods for generating realistic eye movements

in conversational settings.

i



Dedication

In honor of Sadaf Hajiaghavand, Pegah Safar Poor Koloor, and Masoud Shaterpour Khiaban,
York University students, who lost their lives in the tragic crash of Ukrainian International
Airlines Flight 752 near Tehran on January 8, 2020. May their memories live on.

il



Acknowledgements

I would like to express my deep gratitude to my supervisors, Dr. Nikolaus Troje and Dr.
Konstantinos Derpanis for their guidance and support throughout these years. I truly enjoyed
this journey and gained numerous skills and memories that I will cherish.

I extend my heartfelt thanks to my parents, who have supported me unconditionally
despite our 28-month separation. Their daily love and encouragement have been a constant
source of motivation, and I owe everything I am to them.

I am especially thankful to my sister, Mahsa, who inspired me from an early age by
showing me the beauty of mathematics and sparking my interest in research later. I am also
grateful to my brother, Mohammadreza, whose presence has always brought joy and warmth
especially during this past year.

A heartfelt thank you goes to my friends, Kimia, Jason, Heeva, Bita, Pooya. Knowing I
had your support was always a source of peace, and I could rely on you whenever I needed
someone. You are truly the best.

Lastly, I extend my gratitude to my colleagues at the CVIL Lab and the BioMotion Lab.
[ am truly fortunate to have been part of such a supportive and inspiring environment, where
I could work, learn, and build friendships. Your presence made me feel a sense of belonging

in a new country, and for that, I am deeply grateful.

v



Table of Contents

Abstract

Dedication

Acknowledgements

Table of Contents

List of Tables

List of Figures

Abbreviations

1 Introduction

1.1
1.2

Motivation . . . . . . .

Contributions . . . . . . .

2 Literature Review

2.1
2.2
2.3

24

2.5
2.6

Eye Contact Behaviour . . . . . . . .. . ... oo
Eye Contact Datasets . . . . . . . . . . . . . ...
Behavior Modeling . . . . . .. ..o
2.3.1 Multi-agent Behavior Modeling . . . . . ... ... ... ... ....
2.3.2 Eye Movement Modeling . . . . ... ... ... ... ... ...
Generative Models . . . . . . . ..o
2.4.1 Diffusion Models . . . . . . .. ... .
Deep Learning Gaze Tasks . . . . . . . . .. .. ... 0oL

Hardware System . . . . . . . . . . .

ii

iii

iv

viii

ix

xi



2.6.1 Motion Capture System . . . . . . . . . ... 16

2.6.2 EyeTrackers . . . . . . . . . ... 18
2.7 SUMMANY . . . o o o e e e e e e e e e e e e e 20
Data Collection 21
3.1 Data Collection Scenario . . . . . . . . . . . e 22
3.2 Hardware Setup . . . . . . . . . . e 22
3.3 Experimental setup . . . . . . . .. 26
3.4 Room Coordinate Mapping . . . . . . . . . 29
3.5 Mutual Gaze Detection . . . . . . . . . .. 30
3.6 Data Collection Statistics . . . . . . . .. .. .. . .. ... 34
3.7 SUMMArY . . . . e e 34
Data Analysis 35
4.1 Methodology of Data Analysis . . . . . . . ... .. ... ... 35
4.1.1 Datalntegration . . . . . . . . . .. e 35
4.1.2 ldentication of Eye Contact Events . . . . .. ... ... ...... 36
4.2 Data Analysis Results . . . . . . . ... 36
421 Eectof Condition . .. .. ... .. ... .. ... 36
422 EectofRole .. .. .. . . .. 40
4.3 SUMMAIY . . . . e e e e e e e e e e e e e e 40
Modeling 42
5.1 Dyadic Model Properties . . . . . . . . .. . ... .. 42
5.2 Data Representation and Notation . . . . .. ... ... ... ........ 44
5.3 Modeling Eye-Contact . . . . . . . . . . . . . . ... 44
5.3.1 Adapting Di usion Models for Eye-Contact Prediction . . .. .. .. 45
5.3.2 Handling Constraints in Data Representation . . . . ... ... ... 47
5.3.3 Training Procedure . . . . . . . . . . ... ... 47
5.4 SUuMmMary . . . . . e e e e e 48
Results 49
6.1 Eye Movement Event Detection . . . . . .. ... ... ... ......... 49
6.2 Quantitative Results . . . . . . . . . ..o 52
6.2.1 Single Eye Analysis . . . . . . . . ... 52

Vi



6.2.2 Interocular Eye Coordination (Vergence)
6.2.3 Eye-Head Coordination. . . . . .. ... ... ... ... ....... 55

6.2.4 Dyadic Coordination . . . . ... .. ... . .. ... .. 57
6.3 Qualitative Results . . . . . . . . . . ... 57
6.4 Summary . . . ... e 59
7 Discussion 60
7.1 Achievements . . . . . . . . . . . e 60
7.1.1 Novel Dataset for Dyadic Gaze and Head Movement. . . . . . . . .. 60
7.1.2 Realistic Generative Model . . . . . .. ... ... ... ... 61
7.1.3 Validation through Metrics and Visualization. . . . . . ... ... .. 61
7.2 Limitations . . . . . . . 61
7.2.1 Simplied Interaction Scenarios . . . . ... ... ... .. ... 61
7.2.2 Lack of Contextual Awareness . . . . . . .. . . .. ... 61
7.2.3 Overestimated Eye Contact Frequency . . . . ... .. ... .. ... 62
7.3 FRuture Work . . . . . . . 62
7.4 Societal Impact . . . . . . ... 63
7.5 Conclusion . . . . . . .. 64
Bibliography 64
A Appendix 74
A.1 Demographics of Participants . . . . . . .. ... .. .. .. ... .. ... 74
A.1.1 Age Distribution . . . . ... ... ... 74
A.1.2 Gender Distribution . . . .. . ... ... .. ... 76

A.1.3 Visual Acuity and Prescription Needs . . . . . . ... .. ... .... 76
A.2 Visualization Tool for Collected Data
A.3 Calibration of Zoom Camera and Screen Mapping

vii



List of Tables

2.1 Summary of eye Contact Datasets . . . . . ... ... ... ... ....... 10
3.1 Eye Tracker's DataColumns . . . . . . . . . . . . . . . . .. .. 29
3.2 Experiment Statistics . . . . . . . . . .. 34
6.1 Comparison of Single Eye Metrics for Generated and Real Data . . . . . . . 53
6.2 Head and Gaze Correlation Values in Real and Generated Data . . . . . . . 56
6.3 Comparison of Eye Contact Metrics for Real and Generated Data . . . . . . 57

viii



List of Figures

1.1 Tobii Pro 3 Wearable Glasses . . . . . .. .. .. ... .. .. ... ..., 3
1.2 OptiTrack Motion Capture System and Camera . . . . .. .. .. ... ... 3
2.1 Training and Sampling in Diusion Models . . . . .. ... ... ....... 13
2.2 Hardware Setup . . . . . . . . . 16
2.3 Media Coordinate System in Tobii Eye Trackers . . . . .. .. .. ... ... 19
3.1 Tobii's Marker Sets . . . . . . . ... 23
3.2 Data Collection Process Overview . . . . . . . . . . . . v, 24
3.3 TTL Pulse Pattern . . . . . . . . . . . . 25
3.4 Face-to-Face Interaction . . .. ... .. .. .. . ... ... ... 27
3.5 Through-a-Window . . . . . . . . . . . . . .. 27
3.6 Over an online meeting platform . . . . . . .. .. ... ... ... ... ... 28
3.7 Eye Contact Detection Process . . . . . . . . . . . . ... 32
4.1 Direct Ggaze Duration and Direct Gaze Frequency . . . .. ... ... ... 37
4.2 Simultaneous Direct Gaze Frequency and Simultaneous Direct Gaze Duration 38
4.3 Direct Gaze Probability . . . .. .. ... .. 39
4.4 Probability Analysis of Gaze Events . . . . . . ... ... ... .. ... 39
45 Role Eecton Gaze Behaviour. . . . . . .. ... .. ... .. 40
5.1 Training Process OVerview . . . . . . . . . . i i i e e 46
6.1 Eye Movement Types Detection . . . . . . . . .. ... .. ... ....... 51
6.2 Comparison of Real and Generated Gaze Di erence Distributions . . . . . . 54
6.3 Yaw and Pitch Axes of Headand Gaze . ... .. .. ... .......... 55
6.4 Ready Player Me Avatars . . . . . . . . . . . . . e 58



Age Distribution . . . . . . 75

Gender Distribution . . . . ... L 76
Visual Acuity Distribution . . . . . . . ... 77

Visualization Tool . . . . . . . . . . . .. . e 78
Zoom Camera Calibration . . . . ... ... ... ... .. ... ..... 79



Abbreviations

3D: Three-Dimensional

Al: Arti cial Intelligence

" ANOVA: Analysis of Variance

API: Application Programming Interface

CNN: Convolutional Neural Network

CSV: Comma-Separated Values

DDPM: Denoising Di usion Probabilistic Model
FPS: Frames Per Second

GAN: Generative Adversarial Network

GPU: Graphics Processing Unit

HCI: Human-Computer Interaction

NI-DAQ: National Instruments Data Acquisition
PCA: Principal Component Analysis

SLERP: Spherical Linear Interpolation

TTL: Transistor-Transistor Logic

VAE: Variational Autoencoder

Xi



Chapter 1

Introduction

1.1 Motivation

Eye contact plays a fundamental role in face-to-face communication, conveying critical
information through both conscious and unconscious cues. It facilitates attention, trust,
and engagement, enabling individuals to interpret social signals, understand emotions, and
coordinate interactions. For example, mutual gaze often signi es interest and attentiveness,
while looking away may indicate discomfort or disinterest. This intricate dynamic is essential
for e ective communication in personal and professional settings [1, 2].

Despite eye contact's signi cance in human communication, replicating natural eye contact
behavior in arti cial systems, such as visual chatbots, remains a considerable challenge. As
today, online meetings are integral to our daily lives, and in the near future, interactions with
visual chatbots will be part of our daily interactions as well. Therefore, simulating realistic
eye contact becomes increasingly important for enhancing social presence and interaction
quality. This study tries to deepen our understanding of eye contact behavior and explore
whether a machine-learning model can learn and generate such behaviors. By addressing
this question, we pave the way for the future development of systems capable of delivering
more natural and engaging interactions in virtual environments. Current datasets and models
often fail to capture the intricacies of real-world interactions, particularly the dynamic and
mutual nature of gaze between two individuals.

Motivated by the need to address these gaps, this work aims to design a system that
generates realistic, socially competent eye movement behaviors. Such a system requires
modeling dyadic interactions by conditioning predictions on both participants' immediate
past and current behaviors. Our goal is to advance human-computer interaction by enabling

1



1.1 MOTIVATION

arti cial systems, such as visual chatbots and social robots, to engage in natural and context-
aware eye contact, fostering more intuitive and human-like communication.

To pursue this goal, we collaborated with psychologists to expand the scope of our
knowledge of eye contact behavior, which included recording hours of data that only part
of it used for training a generative model. This additional data provided insights into eye
contact behavior and variability across di erent communication scenarios, enriching our
understanding of the problem space. However, challenges such as the di culty of modeling
complex social cues and limited data diversity meant that the system fell short of achieving
fully autonomous and context-aware eye movement generation. Future work should focus on
integrating more advanced contextual models, increasing data richness, and re ning generative
methods to bridge these gaps and further approach the vision of socially competent arti cial
systems.

Dataset and Generative Model Motivation The collection of this dataset is highly
resource-intensive, both in terms of time and cost. To support future research, our project
creates a new dataset that includes the eye movements of two participants engaged in
conversation while exploring the use of generative models to simulate similar data. Unlike
existing datasets that typically track only one person's gaze and are often too short for
comprehensive learning applications3[ 4], our dataset captures the dynamics of mutual gaze
and eye contact between participants over extended periods. By using a generative model,
we aim to see if we can produce realistic eye and head movements, potentially reducing the
need for extensive data collection in the future. This approach lays the foundation for more
e cient research and provides a comprehensive representation of eye contact behavior across
various communication settings.

Experimental Setup and Data Collection To achieve this, we designed an experiment
to collect synchronized eye and head movement data using advanced eye tracking and motion
capture technologies. We used Tobii Pro 3 wearable glass8fstpr eye tracking (see Figure
1.1) and OptiTrack systems §] for capturing head movements (as shown in Figure 1.2). The
Tobii glasses consist of a head unit and a recording unit. The head unit resembles everyday
glasses, making it comfortable and natural for participants.
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