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Abstract

Human-agent collaboration has repeatedly been proposed over the decades as a way forward to

leverage the strengths of arti�cial intelligence. As it has become common for humans to work

and play alongside intelligent agents, it is increasingly imperative to improve the capacity of

agents to interact with their human counterparts socially, naturally and e�ectively. However,

current agents are still limited in their capacity to recognise nonverbal signals and cues, which

in turn, limits their capabilities for natural interaction. This thesis addresses this limitation

by investigating how arti�cial agents might support humans in real-time collaboration, given

the increased capacity to recognise human intentions a�orded by processing their gaze data

in real-time. We hypothesise that a socially interactive agent with an increased capacity to

recognise intentions can drastically improve its interactive capability, such as by adapting its

recommendations to their anticipated intentions as well as to the intentions of others.

Using a scenario-based based design approach, we designed �ve studies to inform and evaluate

the di�erent capabilities of a collaborative gaze-enabled intention-aware arti�cial agent.

In Studies 1 and 2, we �rst evaluate the capacity of human subjects to perform intention recogni-

tion using gaze visualisation and its corresponding e�ects in a competitive gameplay setting.

The �ndings showed that humans players could improve their capacity to infer their intentions

of their opponent when shown a live visualisation of their opponent’s gaze throughout the game.

However, this capacity can be hampered when the opponent was aware that their gaze was

being watched. The �ndings further indicate that humans have a limited capacity in performing

gaze-based intention recognition, suggesting that the task may be more suitable for an arti�cial

agent that is trained to process the rich multimodal information available in our setting.

iii



In Study 3, we present the implementation details and evaluation of a gaze-enabled intention-

aware arti�cial agent, developed as part of this thesis, that incorporates gaze into its intention

recognition process. The evaluation, which uses the data from the previous two studies, demon-

strates that incorporating gaze into the agent’s planning process not only increases the agent’s

capacity to recognise intentions but also that it performs better overall than human subjects. In

Studies 4 and 5, we operationalise the arti�cial agent by �rst giving the agent both the ability to

communicate intentions of their opponent to its human collaborator and to explain its reasoning

process if required. Subsequently, we evaluated the experience of the players playing the game

with and without the assistance of the agent, which ultimately provided insights into how we

can further improve the interaction between the human and an intention-aware arti�cial agent.

The �ndings in this thesis resulted in three contributions towards the understanding of how

arti�cial agents can support human-agent collaboration, given the ability increased capacity

to recognise intentions with eye-tracking. The �ndings from Studies 1, 2 and 3 extend the

relationship between gaze awareness and intention, by demonstrating that gaze when tracked

over time, can lead to the detection of distal intentions (i.e. long-term intentions that often

require several steps to be ful�lled). Following, Studies 3, 4 and 5 contribute to the design of a

collaborative gaze-enabled intention-aware arti�cial agent, and the demonstration of increased

situation awareness through gaze awareness for human-agent collaboration. Overall, the thesis

highlights the importance of incorporating nonverbal communication in human-AI interaction.
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Preface

This thesis includes three published papers, in accordance with The University of Melbourne’s

guidelines for a Thesis with Publication1. For all three papers, my thesis supervisors, Prof Frank

Vetere and Dr Eduardo Velloso contributed feedback on the study design and written drafts.

Chapter 4 presents the following peer-reviewed conference paper:

Joshua Newn, Eduardo Velloso, Fraser Allison, Yomna Abdelrahman, and Frank Vetere. 2017. Evaluating

Real-Time Gaze Representations to Infer Intentions in Competitive Turn-Based Strategy Games. In

Proceedings of the Annual Symposium on Computer-Human Interaction in Play (CHI PLAY ’17). Association

for Computing Machinery, New York, NY, USA, 541-552. DOI: https://doi.org/10.1145/3116595.3116624
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collection and analysis, and preparation for the work for publication under the supervision of
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from co-authors and reviewers. Co-authors Fraser Allison (fellow PhD Candidate) and Yomna

Abdelrahman (visiting PhD Candidate from the University of Stuttgart) assisted with the data

analysis and write up of the �ndings. The publication is not subject to any obligation or contrac-

tual agreements with a third party that would constrain its inclusion in this thesis.

1https://gradresearch.unimelb.edu.au/preparing-my-thesis/thesis-with-publication
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Chapter 7 and 8 presents a published peer-reviewed conference paper:

Joshua Newn, Ronal Singh, Fraser Allison, Prashan Madumal, Eduardo Velloso, and Frank Vetere. 2019.

Designing Interactions with Intention-Aware Gaze-Enabled Arti�cial Agents. In 17th IFIP International

Conference on Human-Computer Interaction — INTERACT 2019 (INTERACT ’19). Lecture Notes in Computer

Science, 11747. Springer, Cham. DOI: https://doi.org/10.1007/978-3-030-29384-0_17

As the �rst author, I was responsible for the design of the study, the literature review, data

collection and analysis, and preparation for the work for publication under the supervision of

my supervisors. I drafted the work and performed subsequent editing in response to reviews

from co-authors and reviewers. Co-authors Ronal Singh, Fraser Allison and Prashan Madumal

were co-experiments in the study, and further assisted with the data analysis and write up of the

�ndings. Ronal Singh assisted with the technical implementation and testing of the apparatus

employed in the evaluation study. The publication is not subject to any obligation or contractual

agreements with a third party that would constrain its inclusion in this thesis.
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ing Planning with Gaze for Online Human Intention Recognition. In Proceedings of the 17th International

Conference on Autonomous Agents and MultiAgent Systems (AAMAS ’18). International Foundation for
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The hope is that, in not too many years, human brains and

computing machines will be coupled together very tightly, and

that the resulting partnership will think as no human brain

has ever thought and process data in a way not approached

by the information-handling machines we know today.

– J.C.R. Licklider, Man-Computer Symbiosis (1960)

1
Introduction

This thesis explores the importance of eye gaze in the context of human-agent collaboration,

focusing on its ability to provide implicit cues to improve the capacity of socially interactive arti-

�cial agents to recognise the intentions of their human counterparts. As it is now commonplace

for humans to work and play alongside intelligent arti�cial agents, it has become ever more

critical to narrow the interaction gap between them. An arti�cial agent capable of correctly

inferring human intentions in real-time would not only allow the agent to improve its capacity

to interact socially but would also allow the agent to adapt and respond to the user better as well.

As early as 1960, visionaries have repeatedly raised the notion of humans collaborating with

arti�cial agents to form a ‘collective intelligence’—with each counterpart enhancing the comple-

mentary strengths of the other [155]. Through signi�cant breakthroughs in technology, we now

live in an era where it is common for humans to interact with intelligent arti�cial agents. These

interactions can range from making critical decisions alongside agents [79, 97, 203] to interacting

with virtual agents through natural spoken dialogue [60]. However, current arti�cial agents are
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still limited in their capacity to interact with humans e�ectively, especially when we start to

consider the complexities present in everyday face-to-face human-human interaction. A primary

issue lies in the fact that arti�cial agents are not yet capable of understanding the full range of

human communication channels available, in particular, human nonverbal communication such

as eye gaze, posture, gestures and facial expressions. In comparison, we humans can e�ectively

interact with others to a better degree, primarily due to our inherent ability to simultaneously

combine and process information from both verbal and nonverbal communication channels.

The introduction of gaze in multimodal human-agent collaboration presents an opportunity to

improve an arti�cial agent’s capacity to interact as the eyes play an essential role in the �uency

of everyday human-human interaction. The human eye has evolved to be especially visible

to provide nonverbal cues. Unlike any other species, human eyes have uniquely large, bright

and clearly visible part of the eyes—the sclera [139]. This increased conspicuousness of the

eyes a�ords an observer the ability to discern one’s gaze direction easily [140, 239], allowing a

collaborator to engage in behaviours such as gaze following (the ability and motivation to tell

and follow where someone is looking by observing the direction of their eyes and estimating

their line of regard [221]) or joint attention (the shared focus of two individuals on an object

[177]). Further, as visual attention is intrinsically linked to action—meaning that humans look

attentively at objects before acting on them [145]—an observer can make inferences about what

actions their collaborator might perform next or simply gain insights into what they might

be thinking. Likewise, an arti�cial agent, with access to the same nonverbal gaze cues, can

potentially be trained to make the same inferences and predictions on the intentions of others.

In response to this potential, researchers have begun to explore the use of computational ap-

proaches (e.g. machine learning) to predict human intention through the use of eye-tracking,

showing that gaze is an e�ective and promising predictor of human intention [26, 108]. However,

existing implementations so far only have scratched the surface of what is possible. Studies so

far have demonstrated the ability to recognise intentions from gaze detection, especially in the

short-term (i.e. what the user will do next) and in speci�c tasks (e.g. sandwich making [15, 108])

but have not explored its use in interactive systems. Hence, when we start to consider the far-

reaching bene�ts for the integration of socially interactive arti�cial agents in multiuser settings,

we can begin to speculate how this might change the way we interact with agents that recognise
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human intentions. Simultaneously, there is an ongoing body of research surrounding the use

of gaze awareness in computer-mediated human-human interaction, showing clear bene�ts,

especially in collaborative settings [12, 65]—including better coordination and communication.

This thesis seeks to push the possibilities of gaze input by combining the established bene�ts for

incorporating gaze in collaborative settings while advancing the knowledge surrounding gaze-

based intention recognition through computational approaches. The combination of these areas

has direct bene�ts for its application in human-agent collaboration. At the same time, we can

begin to address the limitations of current approaches explored in existing work, for instance, the

issue of scalability when adopting a gaze visualisation approach (where it would be challenging

to incorporate the gaze of more than two users without additional distraction). Therefore, the

thesis not only aims to improve the capacity of agents to infer intentions by incorporating gaze

input but also to improve the overall experience of human users when collaborating with agents

that can recognise intentions. Hence, the thesis adopts a human-centred design approach—driven

by a vision where humans and arti�cial agents can collaborate e�ectively in mixed-teams.

To scope the thesis, we have chosen a competitive gameplay setting, speci�cally using a contem-

porary multiplayer strategic board game called Ticket to Ride, for two primary reasons.

First, the chosen setting encompasses the crucial processes required for us to investigate the

relationship between gaze and intention, and to collect a data set of natural gaze behaviours

with ground truths in a controlled setting. A controlled setting allows us to control for the

possible intentions in the space. In brief, players in Ticket to Ride are given goals at the start of

the game and to achieve them, they will need to form hidden plans as an opponent can gain a

signi�cant advantage if they make correct inferences on them. However, as players make these

plans in secret, their eyes give away this information, which we can capture using eye trackers.

By analysing the data set on gaze behaviours in relation to their subsequent in-game actions, we

can better understand the relationship between them for the purpose of intention recognition.

Second, the chosen setting allows us to switch up from single players competing against one

another to collaborative teams competing against one another. This �exibility would then allow

us to evaluate how mixed human-agent teams might bene�t from the agent’s increased capacity

to collaborate with their human teammate. To do this, we must �rst provide the arti�cial agents

with the ability to derive intentions from both the gaze their teammate and their competitors.
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The overarching research question addressed in this thesis is:

Main RQ: How might gaze-based intention recognition improve real-time human-

agent collaboration in a competitive gameplay setting?

To answer the Main RQ, we structured the studies in this thesis into three parts. In the �rst part,

we needed to understand gaze-based intention recognition better. We, therefore, conducted two

human-human intention recognition studies to �nd out how humans display intentions while

simultaneously evaluating the capacity of humans to infer intentions using gaze visualisation. In

the second, we include the implementation details and evaluation of a gaze-enabled intention-

aware arti�cial agent, developed as part of this thesis, that incorporates gaze into its intention

recognition process. The evaluation, which uses the data set from the �rst part, demonstrates

that incorporating gaze into the agent’s planning process not only increases the agent’s capacity

to recognise intentions but also that it performs better overall than human observers. In the

third and �nal part, we operationalise the agent by �rst giving the agent both the ability to

communicate intentions of their opponent to its human collaborator and to explain its reasoning

process if required. Subsequently, we evaluated the experience of the players playing the game

with and without the assistance of the agent, which ultimately provided insights into how we

can further improve the interaction between the human and an intention-aware arti�cial agent.

The �ndings of the studies resulted in three contributions towards the understanding of how

arti�cial agents can support human-agent collaboration. In Chapters 5 and 6, the �ndings extend

the relationship between gaze awareness and intention, by demonstrating that gaze when tracked

over time, can lead to the detection of distal intentions (i.e. long-term intentions that often require

several steps to be ful�lled [195]). Following, Chapters 6, 7 and 8 contributes to the design of a

collaborative gaze-enabled intention-aware arti�cial agent and the demonstration of increased

situation awareness through gaze awareness for human-agent collaboration.

The structure of this chapter is as follows. The two subsequent sections provides the background

and motivations for the thesis (Section 1.1 and 1.2), which is followed by what we aim to achieve

in this thesis (Section 1.3). Section 1.4 summarises the key contributions arising from the overall

�ndings in this thesis. In the �nal section of this chapter, Section 1.5, we provide an overview of

the subsequent chapters, including a brief description of how each informs the next.
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1.1 Background

Since the mainstream adoption and proliferation of personal computers in the 1980s, humans

have continued to harness its ever-increasing computing power. Today, over half the world’s

population depend on computing-based technology daily—to communicate, to learn, to work and

to live in comfort.1 Computers have evolved into far more complex machines than those initially

adopted 40 years ago. Looking back further into the past before the PC revolution, we would

�nd many future visions from modern computing pioneers that have yet to be fully realised.

One such vision is computer pioneer J.C.R. Licklider’s Man-Computer Symbiosis [155] published

in 1960. In this vision, computers would be able to work naturally with their human counterparts

to solve problems that are not easy to address if attempted by either counterpart individually.

Licklider explains that in the future, humans and computers would develop a ‘symbiotic relation-

ship’, where the strengths of one counterpart would counterbalance the limitations of the other.

To achieve this vision, Licklider has outlined several important prerequisites for the realisation

of Man-Computer Symbiosis, which we have interpreted and broadly categorised in this thesis

into technology-centred prerequisites and human-centred prerequisites (see Table 1.1 below).

Technology-Centred Prerequisites Human-Centred Prerequisites

Speed mismatch between counterparts Utilisation of nonverbal communication modalities
Memory hardware requirements Matching the language between the counterparts
Memory organisation requirements Ability to represent the mental state of the user
Input and output equipment Complementary and e�ective division of labour

Table 1.1: Summary of prerequisites for the realisation of Licklider’s Man-Computer Symbiosis.

Today, the technology-centred prerequisites outlined above are progressively being addressed as

a consequence of rapid advancements in computer-based technology (in line with Moore’s Law).

While these technological advancements have enabled computers to become extremely powerful

tools that are capable of performing a wide variety of tasks, the fundamental way we humans

view and interact with computers and arti�cial agents by extension has generally remained the

same throughout the decades—as mere tools to increase human productivity and e�ciency.

In recent years, there is a current shift in thinking, which moves from the common view of

computers as ‘productivity tools’ to partners (e.g [96]). This thinking resonates with Licklider’s
1The recent COVID-19 pandemic has highlighted how much we humans depend on computing-based and digital

technology in daily life, and at the same time has accelerated the need for improved human-centred technologies.
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vision, where humans and computers should be partners to form a viable ‘symbiotic partnership’

that would ultimately result in a productive and thriving mutual partnership. At the same time,

these technological advancements in areas such as natural user interfaces [86, 246, 255] presents

new opportunities for changing the way we interact with computer-based technology. A timely

example is the rapid development of intelligent voice user interfaces (VUIs) in recent years,

which allow two-way natural interaction with devices using natural spoken dialogue [111, 199].

Although such developments are evidence of the desire to shift away from traditional inputs

methods (e.g. keyboard and mouse) to more natural forms of inputs, the fact remains that we still

interact with computers the same way—in an explicit input-process-output pattern. In contrast,

the way in which humans interact when collaborating with others is inherently more dynamic,

especially with the ability to gain mutual awareness of the situation and to establish common

ground through negotiation or mediation [137]. With the ability to understand what others

understand, humans can be proactive in their interaction in a collaborative setting, instead

of merely waiting for instructions as with existing computers (master-slave relationship [95]).

Such dynamic interactions are possible as humans not only have access to implicit nonverbal

communication cues of their partners but also potentially possess a ‘shared mental model’ [121].

Re�ecting on Licklider’s human-centred prerequisites outlined in Table 1.1, we can begin to better

understand the importance of each of the prerequisites for improving human interaction with

AI, and how they are re�ective of human-human interaction in real-world settings.

Among these prerequisites, the utilisation of nonverbal communication modalities prerequisite

takes precedence in this thesis for three reasons. First, we posit that for arti�cial agents to

work with their human collaborators e�ectively, arti�cial agents �rst need to harness nonverbal

cues commonly present in human-human interaction. Second, addressing this prerequisite has

immediate bene�ts for advancing multimodal human-agent interaction as augmenting current

verbal-based communication technologies with implicit nonverbal communication will open

up new avenues in the research �eld. Third, this thesis adopts the same shift in thinking where

computers should be viewed and adopted as partners rather than tools.

To change the perspective of everyday human users, they �rst need to be shown that computers

can become e�ective partners. Thus, enriching arti�cial agents with human-like cognitive capa-

bilities given access to human nonverbal cues may be a viable approach for this demonstration,
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especially within the context of human-agent collaboration where the humans can bene�t from

teaming with autonomous arti�cial agents.

1.2 Research Opportunity

Humans can easily recognise the potential intentions of others by simply observing their actions.

For example, observing the action of a person picking up an empty co�ee cup signals their likely

intention to make a cup of co�ee, or at the very least, the intention to make a drink. This example

closely follows the current de�nition of intention recognition, i.e., the ‘process of becoming

aware of the intentions of other agents, inferring them through observed actions or e�ects on

the environment’ [102, 234]. Besides observing explicit actions that often occur after-the-fact,

humans also inherently use a range of implicit nonverbal cues, including facial expressions, body

language, gestures and eye gaze [138], to improve their ability to recognise the intentions of

others. As such, observing a person gazing at the empty cup combined with their hand motion

and gesture reaching towards the cup, would allow the observer to recognise the intention earlier.

A person’s gaze alone, however, can give away much more information than just their next

immediate action(s) (proximal intentions), especially when taking the broader environment into

account. Building on the empty co�ee cup example, not only can an observer make an inference

on which empty co�ee cup is to be chosen among others through their gaze, but also what the

person plans to do with the cup after. It is possible for a human observer, prior to recognising the

intention of picking up the cup, to make inferences on what drink the person intends to make

(distal intentions). This prediction can be made by drawing comparisons on their observed gaze

behaviour in the environment, such as whether the co�ee machine or the tea cupboard have

received more glances or which of the two have been looked at for a longer duration. As the

eyes give away this rich information, they have on occasion been referred to as a ‘window into

the mind’ [122, 221], as the direction of its gaze alone can convey several signals to an observer,

including one’s current point of attention and future intentions when observed over time.

A socially interactive arti�cial agent with access to the same explicit and implicit cues, combined

with the ability to process them, has the same potential to improve its intention recognition

capacity, especially when compared to approaches that use historical data for prediction. The

introduction of gaze input for intention recognition in the context of human-agent collaboration
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would allow the arti�cial agent to improve its collaborative capacity. The arti�cial agent can,

for instance, provide proactive support knowing what the user intends to do in the long-term

(e.g. providing alternatives), or even adapt its behaviour accordingly to help reach their common

goals without the need for explicit instructions from the user. Moreover, it is possible for the

arti�cial agent to be transparent about its reasoning process, simply based on its observations of

the user’s gaze, similar to how humans would do so using the same observed gaze behaviours.

In recent years, eye-tracking technology has begun to mature in terms of both its hardware

and its underlying algorithms. These ongoing improvements, together with lower costs, have

resulted in the technology increasingly being integrated into consumer devices such as laptops

and head-mounted displays. Eye tracking capabilities can easily be added to existing devices

using peripheral eye trackers, costing as little as €1692 (at time of writing). In turn, this increased

access to eye tracking technology has resulted in the increased exploration of gaze input in two

rapidly growing �elds—Human-Computer Interaction (HCI) and Machine Learning (ML). In HCI,

eye tracking has been found to improve the communication and coordination between the users

in computer-mediated human-human interaction by enabling gaze awareness. Gaze awareness,

de�ned as knowing what someone is looking at [175], is typically produced by overlaying a live

visualisation of the user(s) gaze over the interface (or environment), which is especially bene�cial

in remote settings where the eyes are absent [9, 63]. Whereas in ML, gaze has been shown to be

an e�ective predictor of human intention [26, 108] as well as activity and context [229, 231].

Eye tracking has been shown to be bene�cial in the advancing area of multimodal human-agent

interaction, in particular in development and evaluation of early systems such as iTourist [201,

202]. These early experimental systems highlight that it is possible to produce interactive gaze-

aware arti�cial agents can improve its capacity to support users with gaze input. However, they

remain limited in their application as they are not yet fully capable of capturing the user’s higher-

level cognitive states, such as their intentions. Then again, as gaze input is an e�ective predictor

of intention, it provides us with an opportunity to further expand beyond its use as an indicator

of interest. Simultaneously, the investigation of gaze for intention recognition in multimodal

human-agent interaction provides us with the opportunity to address the limitations found in

previous computer-mediated human-human interaction studies. By selecting a collaborative
2https://gaming.tobii.com/tobii-eye-tracker-4c/
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scenario where introducing gaze has shown to be bene�cial, we can further begin to address

Licklider’s prerequisites as requirements for building an e�ective arti�cial agent partner.

To summarise our motivations, we determined that computers are not yet capable of understand-

ing human behavioural cues despite the increased memory and processing speed to process the

information, as they either do not capture them or do not use them well. Humans, on the other

hand, are inherently better at interpreting nonverbal communication cues but are limited in their

capability to process or store the large amounts of information potentially available to them.

At the same time, the way humans interact with computers has essentially been unchanged

over the past decades, where inputs are often provided to elicit a processed output. We argue

that computers are often perceived as tools rather than partners due to the limited interaction

capabilities between them, despite its prevalent use in modern societies in daily lives.

The introduction of eye tracking in human-agent collaboration setting presents an opportunity

for us to bridge the gaps from both sides of the interaction as well as change the perception of

computers as tools to partners. To elaborate, arti�cial agents can improve their collaborative

capacity to provide better support by inferring the intentions of its human collaborator as well

as of others (non-collaborators) through their gaze. In turn, the human collaborator can use

the combined information that has been tailored based on the agent’s inferences to make better

decisions. Although eye tracking can provide novel ways of interacting with an arti�cial agent,

we also need to factor in the considerations that may hinder the agent from becoming a trusted

collaborative partner. Therefore, the thesis simultaneously addresses Licklider’s human-centred

prerequisites in order for the human-agent team to form a ‘symbiotic relationship’ [149, 155].

In future, human interaction with computer-based technology will only continue to become

more ubiquitous as they continue to become smaller, inexpensive and available (in line with

Weiser [251]’s Ubiquitous Computing vision). Thus, it is increasingly important to investigate

how humans and computers can interact with each other, for instance, through implicit inter-

action [217]. One such paradigm that is closely relates this work (that encompasses implicit

interaction) is Schmidt and Herrmann [218]’s Intervention User Interfaces interaction paradigm

where computers act with autonomy and intervene when required. With input technologies

such as eye tracking, we can start to explore what happens when we give computers the ability

to observe their environment and situation implicitly and how they might interact in novel ways.

9
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1.3 Aim and Scope

The aim of this thesis is to explore the potential for gaze to support collaboration between

humans and arti�cial agents. To better scope the thesis, we have chosen to explore how gaze

can support intention recognition, as knowing the intentions of a collaborator can improve the

interaction between the counterparts, as shown in real-world human-human interaction.

As the existing literature surrounding human-agent collaboration has repeatedly argued that

humans and computers can mutually bene�t from cohesively working together, it is, therefore,

crucial to focus our research e�orts to narrow the existing interaction gap between them. Hence,

the thesis focuses on extending the relationship between gaze and intention by providing the �rst

steps towards building a human-centred arti�cial agent partner capable of increasing its capacity

to recognise the intentions of its collaborator by incorporating their gaze into its planning.

The thesis simultaneously addresses all four of Licklider’s human-centred prerequisites outlined

in Table 1.1, with a focus on incorporating gaze as the primary form of nonverbal communication.

By addressing these prerequisites, we can better design an e�ective collaborative arti�cial agent

with minimal limitations, and in turn, allows us to demonstrate further the importance of

incorporating nonverbal communication in the context of human-agent collaboration. Lastly,

instead of exploring our aim using multiple collaborative scenarios, we have chosen to situate

the studies in thesis using a single scenario: collaboration in a competitive gameplay setting. This

choice, along with the use of a desktop-based environment instead of a physical co-located

environment, is for several compelling reasons found in Chapter 3 (Research Design).

1.4 Thesis Contributions

The contributions arising from this thesis are threefold:

1. The thesis extends the relationship between gaze and intention, by contributing the knowledge

that observing the gaze of human subjects over time allows humans and agents alike to

recognise their plans (proximal and distal intentions). The thesis further demonstrates that

gaze can be used deceptively when human subjects become aware that their gaze is being

observed by others, particularly in adversarial settings. Section 5.10 provides a taxonomy

of gaze-based deception strategies elicited from participants that attempted to obscure their
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gaze to avoid their intentions from being known. In the future, it is possible that humans

with the knowledge that AI systems are tracking their gaze would attempt to obscure their

gaze. Hence, with the taxonomy, along with the data on gaze behaviours, we can begin to

investigate how systems can disentangle between natural and deliberate gaze behaviours, and

to design approaches and intelligent gaze-enabled systems that are robust to such behaviours.

2. The thesis presents the design considerations and initial evaluation of a working collaborative

gaze-enabled intention-aware arti�cial agent—an artefact contribution. The agent is not only

capable of inferring intentions using the combination of gaze and past actions more accurately

and timely than human subjects but also able to explain how it came about its inferences using

natural language a�orded by a ‘white-box’ approach. Correspondingly, the thesis promotes

the use of human-centred design approaches for designing and evaluating future multimodal

explainable arti�cial agents. The development of the arti�cial agent and its capabilities in

this thesis exempli�es how its design can be informed by human-centred studies in which we

investigated how humans infer intentions and subsequently explain their reasoning process.

3. The thesis demonstrates the importance of incorporating gaze in the context of human-agent

collaboration, a�orded by a working prototype arti�cial agent with an improved capacity to

infer human intentions in real-time through nonverbal communication. By incorporating

gaze into the planning process of a ‘white-box’ arti�cial agent, it e�ectively extends the agent

the interactive capabilities of the agent in three ways that are bene�cial to human-agent

collaboration. First, gaze awareness improves the agent’s capacity to predict potential future

states much earlier and more accurately (i.e. long-term/distal intentions). This allows a human

in collaboration to adjust their plans accordingly to suit their goals, or con�rm their own

predictions, and therefore improve their ability to make better-informed decisions.

Second, gaze awareness allows the agent to initiate the interaction by providing timely situa-

tion awareness updates (or queries) proactively. This consequently narrows the “interaction

gap” between the two entities beyond the ability to recognise human nonverbal cues. This

ability is especially bene�cial when the agent is aware of the intentions of both the collabora-

tor and of others, which would allow the agent to provide contextually-relevant information

or recommendations that directly impact the goals of the human collaborator.

Third, gaze awareness allows for the division of labour in human-agent collaboration. In
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our work, we gave the delegated the task of intention recognition to the arti�cial agent to

reduce the human collaborator’s perceived cognitive load while maintaining their situation

awareness. This division of labour, in turn, allows the human collaborator to better focus on

their tasks and decision making (Chapter 8). Given the agent’s potential to act autonomously,

there are a multitude of ways the agent can provide assistance, for example, by taking over

tasks of the user if the user is currently overloaded based on their gaze. However, we note

that were able to demonstrate these capabilities as we factored Licklider’s human-centred

prerequisites as part of the considerations of the agent.

The discussion chapter (Section 9.3) provides a more detailed description of the contributions

outlined in this section, along with its respective implications for future work and for the �eld.

1.5 Thesis Overview

The overarching research question addressed in this thesis is:

Main RQ: How might gaze-based intention recognition improve real-time human-agent
collaboration in a competitive gameplay setting?

This thesis is submitted as a Thesis with Publication3. Three published peer-reviewed papers are

included. The �rst two papers are reformatted to the layout of the thesis for greater consistency,

and form Chapters 4 and 5 respectively. The third paper contains two closely connected subse-

quent user studies and has been divided accordingly into two chapters (Chapters 7 and 8) for

better clarity. Chapter 6 has been speci�cally written for the thesis but includes the contents of a

published co-authored paper: [224] (prepared in collaboration with the primary author).

The thesis contains nine chapters in total; the introduction to the thesis, a literature review

chapter, �ve study chapters, followed by a general discussion chapter. In each study chapter, we

will introduce the study and how it related to the overall thesis and provide a summary of the

�ndings in relation to the research questions formed in Chapter 2.

3https://gradresearch.unimelb.edu.au/preparing-my-thesis/thesis-with-publication
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Figure 1.1: Thesis Research Structure.

Figure 1.1 illustrates the structure of studies in the thesis and how the �ndings of each inform

the next. As depicted, the studies are structured into three main parts, each focusing a di�erent

set of actors from our imagined scenario (explained in Section 3.4). In Part 1, we conducted two

human-human intention recognition studies (Study 1 and 2) to �nd out how humans portray

intentions while evaluating the capacity of humans to infer intentions with gaze visualisation.

These studies allowed us to gain a better understanding of gaze-based intention recognition

while concurrently providing data sets for informing the agent model in the subsequent part.

In Part 2, we present and evaluate a proof-of-concept arti�cial agent prototype that incorporates

gaze-based intention recognition into its planning process (Study 3). The results show that gaze

not only increases the agent’s capacity to intention recognition performance but also that the

agent performs better than human observers in our previous human-human studies in Part 1.

In Part 3, we �rst operationalise the agent by giving the agent the ability to communicate

intentions of their human opponent to their human counterpart and to explain its reasoning

process if required (Study 4). We then evaluated the experience of the agent-assisted players

playing an online real-time turn-based strategic game (i.e. Ticket to Ride) with and without the

operationalised agent (Study 5). Both studies in this part focus on improving the collaborative

capacity of the arti�cial agent through its design, given its ability to infer intentions, resulting in
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�ndings that inform the next iteration of the arti�cial agent in which we leave for future work.

In the remainder of the section, we provide an overview of the chapters in the thesis, followed by

a table that summarises the relationship between the study chapters and the research questions.

Chapter 2: Literature Review

Chapter 2 contains a literature review of �ve core research topics related to this thesis: (1)

human-agent collaboration, (2) the role of gaze awareness in human collaboration, (3) the role of

gaze awareness in HCI, (4) intention recognition, and (5) situation awareness.

The chapter is structured as follows. In Section 2.2, we present a brief overview of human-agent

collaboration and its potential strengths and current limitations from a human-agent teaming

interaction perspective. This section outlines the four human-centred prerequisites for achieving

e�ective human-agent collaboration to inform the design of our proposed agent (Section 2.2.2–

2.2.5). Section 2.3 highlights the importance of gaze in human collaboration, which reinforces

the need to prioritise the utilisation of nonverbal communication modalities prerequisite.

Section 2.4 presents an overview of how researchers in human-computer interaction (HCI)

have leveraged the increased availability of eye tracking technology. The section focuses on

its collaborative use and includes the strengths and weaknesses concerning their applications

and approaches. Section 2.5 presents an overview of how gaze has been investigated from an

AI perspective with regards to intention recognition. In particular, how researchers in AI have

approached the problem using computational approaches, which shows the potential for agent

arti�cial to possess the ability to perform gaze-based intention recognition. Section 2.6 provides

a summary of how human-agent teams can bene�t from an agent that can provide situation

awareness, especially from knowing the intentions of their human collaborators and of others.

Chapter 2 concludes by summarising the research gaps to be addressed in this thesis arising

from the literature review, and the formation of the research questions in response.

Chapter 3: Research Design

Chapter 3 is divided into three subsections. In the �rst, we provide the justi�cations for the overall

research approach chosen to answer the main RQ, including the justi�cations for selecting our
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chosen scenario: collaboration in a competitive gameplay setting (Section 3.2). In the second, we

present Ticket to Ride, a competitive turn-based strategy game employed throughout the studies

in the thesis. This subsection includes the rules of the game, the concept of using eye tracking

to improve intention recognition performance in the game and a feasibility study to determine

its viability for the rest of the research (Section 3.3). In the third subsection, we �rst bring

forward our imagined vision of the future where humans and agents can collaborate e�ectively

in interactive social settings, in our case, around a table in teams strategically competing in a

game of Ticket to Ride (Section 3.4). The section then presents the structure of the studies in this

thesis, and how each informs the next in detail.

Chapter 4 and 5: Human-Human Intention Recognition Studies

Chapters 4 and 5 include the contents of two subsequent peer-reviewed papers, verbatim, but each

has been reformatted to the layout of the thesis for consistency. The papers in their published

format can be found in Appendix A. Chapter 4 (Study 1) has been published in the proceedings

of the 2017 Annual Symposium on Computer-Human Interaction in Play [188], while Chapter 5

(Study 2), which has been published in the proceedings of the 2018 ACM CHI Conference on

Human Factors in Computing Systems [184]. Both studies were designed as subsequent studies to

evaluate the capacity of human subjects to perform intention recognition when given the ability

to visualise the gaze of a tracked player, addressing the �rst RQ sub-research question below.

RQ1: Does gaze awareness improve the capacity of a human player to perform

intention recognition in a competitive gameplay settings?

Study 1 evaluates the characteristics of nine visual representations of gaze that would allow a

human observer to improve their capacity to recognise intentions. The outcomes of this study

reveal that gaze visualisations that balance real-time gaze information with a persistent summary

of recent gaze behaviour, such as the real-time heatmap visualisation, was the most e�ective in

revealing intent and was most highly preferred by the participants among the visualisations.

Study 2 focuses on the e�ect of gaze visualisation in competitive multiplayer gameplay. The ob-

jective �ndings show that players improved their capacity to uncover the plans of their opponent

when shown a live visualisation of their opponent’s gaze throughout the game. However, this
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capacity was hampered when the opponent became aware that their gaze was being watched.

The subjective �ndings indicate that humans have a limited capacity in performing gaze-based

intention recognition, suggesting that the task may be more suitable for an arti�cial agent that is

trained to process the rich multimodal information available in our setting. The knowledge and

data sets arising from both chapters directly contribute to the next chapter, where we evaluate

the performance of a prototype arti�cial agent that incorporates gaze into its planning process.

Chapter 6: Intention-Aware Agent Model Evaluation

This chapter presents an evaluation of an instantiated prototype planning-based arti�cial agent

that combines gaze and explicit actions to perform online human intention recognition. The

prototype agent model was constructed and evaluated using the accumulated knowledge and

the data sets from the two previous chapters (Chapters 4 and 5), which evaluated how human

subjects perform intention recognition when given the ability to visualise the gaze of a tracked

player. The prototype agent model was constructed as part of an ongoing collaboration with

the Arti�cial Intelligence and Autonomy Lab at the University of Melbourne, which aims at

improving interactions between humans and agents through multimodal input4. Together, we

have published the model, along with its formulation and initial results in the proceedings of the

2018 International Conference on Autonomous Agents and Multiagent Systems [224].

Chapter 6 seeks to directly answer sub-research question RQ2 by evaluating whether a planning-

based arti�cial agent model can improve its capacity to recognise the intentions of a human

player by incorporating their recorded gaze information into its planning process.

RQ2: Does gaze awareness improve the capacity of an arti�cial agent to perform intention
recognition?

The chapter �nds that the prototype agent model, with the knowledge of where the human

player is looking, can improve its intention recognition performance when compared with a

based model-only approach in terms of making earlier predictions (inference horizon) and overall

accuracy. Moreover, the �ndings show that the agent scored positively higher compared to a

human interpreter using gaze visualisation, even when subjected to deceptive behaviours.
4https://cis.unimelb.edu.au/agentlab/human-agent-collaboration/
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Chapter 7 and 8: Intention-Aware Agent Design and Evaluation

Both chapters represent Study 4 and Study 5, respectively. Both studies have been condensed

and published as a single a peer-reviewed paper in the proceedings of the 2019 IFIP Conference

on Human-Computer Interaction (INTERACT 2019) [185]. The paper in its published format can

be found in Appendix A. Both studies focus on enhancing the design of the prototype agent

model presented and evaluated in the previous chapter, given its ability to improve its intention

recognition capacity using gaze, responding to sub-research question RQ3.

RQ3: How do we design gaze-based intention recognition systems for supporting human-
agent collaboration?

The �ndings from both studies contribute to the understanding of how gaze can support human-

agent teams in a dynamic collaboration scenario. Study 4 focuses on building the agent’s capacity

to communicate the inferred intentions, in our case, of a tracked human opponent to an assisted

human player using natural language. Chapter 7 details a human-centred study where we em-

ployed an ‘inverted’ Wizard-of-Oz technique to elicit how humans convey and explain intentions

when given the ability to perform intention recognition using gaze visualisation. The study

resulted in a preliminary model of intention communication which informs how an arti�cial

agent should communicate given the ability to recognise intentions. Study 5 operationalises the

agent model in a competitive gameplay setting, which compares the experience of human collab-

orators playing an online strategy game with and without the assistance of the agent (Chapter

8). In this study, the agent adopts the preliminary language model of intention communication

constructed in Study 4 to communicate with the human collaborator.

Chapter 9: General Discussion

Chapter 9 begins with a summary the overarching motivations of the thesis, the relationship

between each study, and how they align with human-centred prerequisites outlined in Chapter 1.

We then revisit and answer the research questions articulated in Chapter 2 (Section 9.2). The

chapter then discusses the key contributions and implications of our �ndings arising from studies

performed in this thesis (Section 9.3). This section is then followed by the limitations and future

work (Section 9.4), and the concluding remarks (Section 9.5) of the thesis.
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Thesis Chapters Research Questions

Chapter 1: Introduction Main RQ

Chapter 2: Literature Review
How might gaze-based intention recognition
support real-time human-agent collaboration in a
competitive gameplay setting?

Chapter 3: Research Design

RQ1
Does gaze awareness improve the capacity of a human
player to perform intention recognition in a
competitive gameplay setting?

Chapter 4: Study 1
Real-Time Gaze Visualisations for
Human-Human Intention Recognition

RQ1.1
How do we represent gaze to improve a human’s
capacity to perform intention recognition in a
competitive gameplay setting?

Chapter 5: Study 2
E�ect of Gaze Awareness on
Human-Human Intention Recognition

RQ1.2
What are the e�ects of gaze awareness for intention
recognition in a competitive gameplay setting?

Chapter 6: Study 3
Intention-Aware Gaze-Enabled
Arti�cial Agent Evaluation

RQ2
Does gaze awareness improve the capacity of an
arti�cial agent to perform intention recognition?

RQ3
How do we design gaze-based intention recognition
systems for supporting human-agent collaboration?

Chapter 7: Study 4
Assistive Intention-Aware Arti�cial
Agent Language Elicitation

RQ3.1
How should an arti�cial agent communicate
intentions given the ability to perform gaze-based
intention recognition?

Chapter 8: Study 5
Assistive Intention-Aware Arti�cial
Agent Real-Time Interaction Evaluation

RQ3.2
Does delegating the task of intention recognition to
the agent improve the player’s decision making in a
competitive gameplay setting?

Chapter 9: General Discussion

18



Alone, we can do so little; together, we can do so much.

– Helen Keller

2
Literature Review

2.1 Introduction

This chapter aims to illustrate the importance of incorporating gaze in the context of human-agent

collaboration by covering the �ve core areas of research: (1) human-agent collaboration, (2) the

role of gaze awareness in human collaboration, (3) the role of gaze awareness in human-computer

interaction, (4) intention recognition, and (5) situation awareness in human-agent teaming. The

chapter is structured as follows. In Section 2.2, we present a brief overview of human-agent

collaboration and its potential strengths and current limitations from a human-agent teaming and

interaction perspective. This section outlines the four human-centred prerequisites for achieving

e�ective human-agent collaboration to inform the design of our proposed agent (Section 2.2.2–

2.2.5). Section 2.3 highlights the importance of gaze in human collaboration, which reinforces

the need to prioritise the utilisation of nonverbal communication modalities prerequisite.
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Section 2.4 presents an overview of how researchers in have leveraged the increasingly access to

eye tracking technology. The section focuses on its collaborative use and includes the strengths

and weaknesses concerning their applications and approaches. Section 2.5 presents an overview

of how gaze has been investigated from an AI perspective with regards to intention recognition.

In particular, how researchers in AI and machine learning have approached the problem using

computational approaches, which shows the potential for agent arti�cial to possess the ability to

perform gaze-based intention recognition. Section 2.6 provides a summary of how human-agent

teams can bene�t from an agent that can provide situation awareness, especially from knowing

the intentions of their human collaborators and of others.

Chapter 2 concludes by summarising the research gaps to be addressed in this thesis arising

from the literature review, and the formation of the research questions in response.

2.2 Human-Agent Collaboration

2.2.1 Overview

In this section, we provide a brief overview of human-agent collaboration and its potential

strengths and current limitations from a human-agent teaming and interaction perspective.

The broader topic of ‘Human-AI Interaction’ has been much studied and discussed in the past

two decades [29]. Here, we focus speci�cally on improving the collaborative capacity of arti�cial

agents. Terveen de�nes collaboration as ‘a process in which two or more agents work together

to achieve shared goals’ [237]. Bellamy et al. [29] explicitly point out that interaction is not the

same as collaboration, as collaboration involves ‘mutual goal understanding, preemptive task

management and shared progress tracking’, suggesting that collaboration has speci�c capabilities

that both counterparts need to possess. Grosz [95] provides a comprehensive argument on the

distinction between collaboration and interaction, and the importance of ‘collaborative intentions’

using a scenario with two mice in a maze. Grosz illustrates two mice trying to get out of the

maze with one mice standing on top of the other, which shows that they are interacting but

might not be necessarily collaborating or having the intentions to do so in the �rst place. The top

mice using the bottom mouse as a step stool may bene�t from this interaction by successfully

escaping the maze but may not have the intentions to help the other mice to get out.
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Extending Grosz’s example, we can argue that the bottom mouse acted as a ‘tool’ for the top

mouse to achieve its intended goals. Besides the fact the top mouse not having collaborative

intentions, the bottom mouse did not express its intentions to collaborate, nor its intentions to

get out as well. We can argue that there is a lack of communication between the two mice, and

therefore did not communicate their intentions, shared goals or their capacity to collaborate.

As such, we humans are often the ‘top mouse’ when we interact with computers and therefore

perceive computers as ‘tools’ and not as collaborative partners, but at the same time computers

often lack the capabilities to gain an awareness of its human user, especially in terms of their

goals or intentions. Grosz, also, further makes a distinction between collaborators and tools,

questioning whether we want computer systems to be mere tools, or ‘something more’ [95].

In recent years, there is a current shift in thinking, which moves from the common view of

computers as productivity tools to partners (e.g [96]). The notion of a computer as a partner is an

increasingly common metaphor for interaction design [29]. As partners, computers will help us

get tasks done faster and perhaps also allow us to do more than we could alone. This notion of

working together with computers as partners resonates with Licklider’s vision of Man-Computer

Symbiosis [155], where humans and computers should be partners to form a viable ‘symbiotic

partnership’ that would ultimately result in a productive and thriving mutual partnership.

Previous research has shown many bene�ts for ‘human–agent teaming’, such as reducing

operator’s perceived workload, improving operator’s task performance [56, 57] and maintenance

of situation awareness [182]. A human-agent team is de�ned as ‘a network where both intelligent

systems (agents) and people cooperate e�ectively within one group, creating synergy by reinforcing

each other’s strong points and anticipate on each other’s weak points’ [68]. This de�nition shares

the same meaning with Licklider’s Man-Computer Symbiosis vision, but use a more timely

terminology instead of ‘computers’: intelligent agents. In the �eld of arti�cial intelligence, an

intelligent agent is typically de�ned as “an autonomous entity which observes and acts upon an

environment and directs its activity towards achieving goals” [212]. Among the many de�nitions

of what an agent is (including intelligent agent, software agent), it is commonly accepted that

an agent should possess the following characteristics [55]: (1) autonomy, (2) observation of the

environment (through some forms of sensors), (3) action upon an environment (through some

forms of actuators), and direction of its activity towards achieving certain goals [212].
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In the previous chapter, we mentioned that despite the advances in computer-based technology

and its capabilities to support human interaction with computers, the common view of computers

as tools rather than partners have largely remained. We posit this perception is because computers

do not yet possess the inherent capabilities that humans have to support collaboration, and

therefore not often viewed as partners. To change this perception, intelligent computers need to

possess not only autonomy but also characteristics that highlights its capacity to collaborate.

Nonverbal communication has been argued and shown to have bene�ts for human-agent teaming

[5]. This is because nonverbal communication can reveal human mental states to an arti�cial

agent such as knowledge, goals and intentions, and therefore allows the agent learn and perceive.

As such, the primary aim of this thesis is to explore the potential for gaze—an important form of

nonverbal communication—to support collaboration between humans and intelligent arti�cial

agents. The awareness of a partner’s gaze in human collaboration is an important nonverbal

communication cue and signal which provides insights the mind of a collaborator, such as their

current point of attention and their intentions (further elaborated in next section, Section 2.3).

Therefore, by giving arti�cial agents the ability to not only perceive gaze but to understand its

insights, it has the potential for changing the way humans interact and perceive computers.

Here, we can begin to ask, ‘How do we go about giving arti�cial agents this ability?’. Grosz

argues that researchers need to identify the capabilities that must be added to individual agents

so that they can work with others and that these capabilities cannot just be ‘patched on’, but

must be designed in from the start [95]. Hence, the thesis focuses on extending the relationship

between gaze awareness and intention by providing the �rst steps towards building a human-

centred arti�cial agent partner capable of increasing its capacity to recognise the intentions of its

collaborator by incorporating their gaze into its planning. Teerveen [237] outlines two primary

approaches for building the capabilities for human-agent collaboration: human emulation, which

is more closely allied to AI and human complementary, which is closely allied to HCI. Following

Teerveen, we argue for a uni�ed approach where the agent can possess ‘human-like’ cognitive

ability (emulation) but also complements the human collaborator with its potential to process

intentions better than humans. However, there are a wide of considerations when designing

for human-agent collaboration, which is highly dependent on the complexity, setting and goals.

Barnes et al. [23] outlines �ve requirements for ‘mixed-initiative’ human-agent teams: a direct
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link between the operator and a supervisory agent, interface transparency, appropriate trust,

cognitive architectures to infer intent, and common language between humans and agents. On

the other hand, Terveen [237] presents �ve fundamental issues that arise from collaboration,

including agreeing on the shared goal(s) to be achieved, planning, allocation of responsibility,

and coordination, shared context, communication, and adaptation and learning.

Returing back to Licklider’s Man-Computer Symbiosis, which states computers would be able

to work with humans to solve problems that are not easily addressed if attempted by either

counterpart individually [155]. Licklider’s vision not only presents a remarkably prescient

prediction of the future, but the basic idea that humans and computer will communicate to

collaborate and argues that computers should interact as well as communicate [149]. Moreover,

Lesh et al. argues that most research in human-computer interaction does not seek to change

the current style of interaction (i.e. input-process-output), but merely to make it more e�cient

through novels ways of interaction such as by using speech or direct manipulation [149].

Licklider [155]’s seminal paper outlines a number of important prerequisites for the realisation

of the Man-Computer Symbiosis vision, which we have broadly categorised in this thesis into

technology-centred prerequisites and human-centred prerequisites (summarised in Table 1.1). As

mentioned in the previous chapter, the technology-centred prerequisites are progressively being

addressed as a consequence of rapid advancements in computer-based technology. For example,

researchers in human-computer have explored novel ways of interacting with computers through

the developments of input and output equipment. However, the human-centred prerequisites

have either received little attention or are usually explored in silos. In the following subsections

(Section 2.2.2 – 2.2.5), we will describe the four human-centred prerequisites listed and argue the

importance of addressing them together to enable e�ective human-agent collaboration.

2.2.2 Utilisation of Nonverbal Communication Modalities

Yet there is continuing interest in the idea of talking with computing machines. In large part, the

interest stems from realization that one can hardly take a military commander or a corporation

president away from his work to teach him to type. If computing machines are ever to be used

directly by top-level decision makers, it may be worthwhile to provide communication via the

most natural means, even at considerable cost. (pg. 10, [155])
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Our interpretation of the above excerpt from Licklider follows Lesh et al. [149]’s, where commu-

nication via the most natural means refers to the combination of verbal and nonverbal communi-

cation, which can be costly both in terms of computational power and communication overhead.

In Lesh et al. [149]’s work, the authors explore a form of visible nonverbal communication called

gestures, which is sometimes referred to as body language. Gestures are made with every part

of the body (e.g. hands, face, posture of the body, body stance, legs, feet). The importance of

gestures is well exempli�ed in human-computer interaction, especially when combined with

other modalities (i.e. multimodality). An early example is Bolt [33]’s ‘Put-That-There’, which

exempli�es the strengths and vast potential in the joint use of verbal (speech) and nonverbal

(gesture) communication for o�ering an e�ortless way to interact with interactive systems.

Further, Lesh et al. brings up the use of gaze amongst other forms of nonverbal communication

for achieving natural communication and collaboration, but speci�cally in its role for indicating

engagement. Like gestures, gaze plays an important role in communication [5], such as revealing

mental states, reinforce spoken communication, and provide additional information beyond

what is being said (verbal communication) [93]. Humans can e�ectively interact with others to

a better degree, primarily due to our inherent ability to simultaneously combine and process

information from both verbal and nonverbal communication channels without signi�cant e�ort.

2.2.3 Matching the Language Between the Counterparts

For the purposes of real-time cooperation between men and computers, it will be necessary,

however, to make use of an additional and rather di�erent principle of communication and con-

trol. The idea may be highlighted by comparing instructions ordinarily addressed to intelligent

human beings with instructions ordinarily used with computers. The latter specify precisely the

individual steps to take and the sequence in which to take them. The former present or imply

something about incentive or motivation, and they supply a criterion by which the human

executor of the instructions will know when he has accomplished his task. (pg. 8, [155])

Communication is a key aspect in human-agent teaming [55]. One of the barriers to commu-

nication in human-agent teaming is the dissimilarities between their languages, especially for

real-time cooperation, which Licklider [155] states “may be the most serious obstacle for true

symbiosis”. He explains that humans think more naturally and easily in terms of goals than
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speci�c itineraries, implying the existence of human goals during communication. In short,

instructions directed to computers specify courses (of actions) while instructions-directed to

human beings specify goals. However, in our context, both the goals (what someone is trying to

achieve) and ‘courses’ (steps to achieve goals) are important pieces of information and perhaps

this can be both communication between the human and the agent in some manner.

However, enabling this symbiosis through mixed teams comes with signi�cant challenges to

e�ectiveness [137]. One such challenge is a lack of agent transparency, which hinders the

human partner’s ability to understand the decisions of the arti�cial agent [129, 178]. The lack of

transparency can lead to adverse e�ects for the human partner, such as a reduction in trust when

working together, and therefore, a potential for disuse [30, 55, 146, 249]. Therefore, to further

improve human-agent collaboration, it is necessary for autonomous systems to infer human

trust and workload and respond accordingly [8]. Further, researchers in AI argue that providing

explanations supports transparency and may improve trust in the system [100, 161, 174, 192,

249]. Moreover, when using an agent as a decision aid, users would often seek an explanation

of its output to improve their own decision making [247]. However, for an explanation to be

e�ective, it must be at the right level of detail [131]. An explanation of how something works

will fail if it presupposes too much and skips over essential information, or if it provides a level of

detail that leads to an increase in cognitive workload and an associated decrease in e�ectiveness

[192]. Further, we need to consider the application domain, the audience of the explanation [98],

as well as the presentation format (how to explain) and the content (what to explain) [75, 131].

2.2.4 Ability to Represent the Mental States of the User

Mental models are simpli�ed representations used by individuals to explain and predict their

surroundings [120, 211]. These models have content and structure or relationships between the

content. Some examples of the content, which may be prior or gathered through perceptions

(including inter-agent messages), are beliefs about the state of the environment and other agents,

the agent’s and/or others’ goals, intentions, plans, knowledge, and reasoning rules that help an

agent make decisions and handle events such as perceptions and communication.

During collaboration, the collaborator must have a mental opponent of their partner, as it allows

them to adjust their level of collaboration. An issue lies in how the mental models are updated, in
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most cases, this is achieved by simply communicating with one another but too much may lead

to ‘communication overhead’. Nonverbal communication has to reveal the mental states of others

implicitly. For example, natural gaze behaviour can provide valuable information about user’s

cognitive processes and intention and its inclusion as an additional input modality, therefore

provides great potential to improve human-computer interaction [21].

Byom and Mutlu [48] summarised three critical mechanisms for giving computer systems a

Theory of Mind: (1) a shared world knowledge, (2) a mutual understanding of social cues, and

(3) the ability of each to interpret the other’s actions. While these mechanisms were studied

independently using speci�c tests, it is believed that the combination of all three mechanisms is

essential to creating an understanding between a human and an agent. In particular, the mutual

understanding of cues and the ability to update their mental models are important factors for

understanding the mind of another using the other two, allows for better collaboration.

2.2.5 Complementary and E�ective Division of Labour

Computing machines can do readily, well, and rapidly many things that are di�cult or im-

possible for man, and men can do readily and well, though not rapidly, many things that are

di�cult or impossible for computers. That suggests that a symbiotic cooperation, if successful

in integrating the positive characteristics of men and computers, would be of great value. The

di�erences in speed and in language, of course, pose di�culties that must be overcome. ([155])

As humans, in general, can easily recognise where ‘machines’ such as computers would surpass

them and vice versa [81], humans have always been quick to automate tasks where machines

can perform better at, especially in terms of speed, accuracy and cost. This recognition has led

categorisations of the general strengths and weaknesses of humans and machines, such as Fitt’s

HABA-MABA (humans-are-better-at/machines-are-better-at) approach, or simply, Fitt’s list. For

this reason, humans often view machines, however intelligent, as tools, as they merely perform

tasks that are allocated to them. But what if computers are as e�ective at tasks that humans are

good at, or even better, would this change their view? The problem lies in �nding a task that both

counterparts can mutually bene�t, and intention recognition presents a good candidate. Further,

we also need to manage the division of labour. One possible way is to allow mixed-initiative for

�exible interaction, where each agent can contribute to the task what it does best [13].
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2.3 The Role of Gaze Awareness in Human Collaboration

In the previous section, we touch upon the utilisation of nonverbal communication modalities

prerequisite for achieving communication and collaboration with computers. Among the modal-

ities, eye gaze presents an interesting collaborative modality for exploration, especially with its

dual function in social settings—to signal and to perceive [91]. Eye gaze is one of the primary

nonverbal communication signals, together with facial expression, posture, proximity, and tone

of voice [62]. It is an extremely powerful signal as it alone can convey a number of signals to an

observer, including interest, attention, emotions and intention. A person’s gaze is one of the �rst

cues humans look out for during face-to-face interaction, and where someone gazes upon is a

typically an involuntary response to visual stimuli, which gives away a person’s attention [262].

In this section, we focus on the importance of the role of gaze awareness—de�ned by Monk and

Gale [175] as ‘knowing what someone is looking at’, in the context of human collaboration.

The appearance of the human eye gives humans the remarkable ability to identify what others

are looking at, which subsequently allows them to engage in behaviours such as gaze following,

that is, the ability and motivation to tell and follow where someone is looking by observing the

direction of their eyes and estimating their line of regard [221], and joint visual attention—the

act of looking where someone else is looking [47]. Unlike other primates, the human eyes have

large, bright and clearly visible part of the eyes called the sclera [139]. In contrast, most primates

have uniformly brown or dark-hued sclera, and this low contrast with the colour of their iris

and facial skin makes it more di�cult to discern the direction of their gaze from their eyes alone.

This di�erence in the appearance of the eyes has led Kobayashi and Kohshima to propose the

cooperative eye hypothesis, which states our eyes have evolved to be especially visible to make

it easier to coordinate when performing collaborative tasks [140]. This hypothesis was later

examined by Tomasello et al. by comparing gaze following between various great apes and

human infants [239]. The �ndings show that apes were more likely to follow the gaze of the

experimenter using head movement. In contrast, infants followed the gaze more often when

only the eyes moved. These �ndings suggest that humans depend more on eye movements than

head movements when trying to follow the gaze of another. Infants develop the innate ability to

engage in gaze following around 10-12 months of age [82], and within the �rst 18 months, they

further develop the ability to engage in joint visual attention [47].
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In face-to-face human interaction, gaze also serves as a deictic (“pointing”) cue to an observer,

which can be used to direct the attention of another person to an object implicitly or explicitly

[221]. In essence, the eyes have two functions in social settings—to signal and to perceive [91].

Therefore, before the evolution of language, early humans may coordinate their activities and

communicate their plans using their eyes along with other visually based gestures in accordance

with the cooperative eye hypothesis. As a result, the use of gaze as a nonverbal communication

tool becomes essential to our well-being, bonding and survival from an evolutionary perspective.

In collaborative settings, the knowledge of where someone is looking at (gaze awareness) has

been demonstrated to be important for coordination with others, particularly in choreographing

natural interaction (e.g. turn-taking in conversations [133]). The eyes and its movements are

useful sources of information during social interaction due to its tight coupling with human

cognitive processes [18, 83]. A collaborator can make inference based on their ‘looking behaviour’,

especially when observed over time—the eye-mind hypothesis describes the relationship between

where someone is looking and the amount of cognitive processing e�ort required [122]. This

means that the longer a person gazes at an object, it signals that they are thinking about it

(cognitive processing), and therefore represents their current point of attention or interest. As

such, a collaborator can then adapt their behaviours to using this knowledge, which helps them

to coordinate their actions better and to establish common ground if required [177].

Moreover, the ability to engage in gaze following and the use of gaze as a referential cue allows

collaborators to engage in joint visual attention which is important in the development of Theory

of Mind [101]. In brief, Theory of Mind is a pervasive human ability to attribute mental states

such as beliefs, desires, goals, and intentions to oneself or another person [200]. This ability not

only helps with the understanding of each other—an important factor in collaboration, but also

allows humans can make predictions and reason about another person’s behaviour [25, 200].

To sum up, gaze plays a signi�cant role in human collaboration as well as in everyday social

interaction. Gaze signals the basic direction of one’s attention—often at things we desire in the

environment [85]—and following the gaze of others over time enables the observer to discern

their intentions [24], as humans naturally look at before acting on them [144]. As gaze allows a

person to inferring the mental states of others, it allows them to form a ‘theory of mind’ about

their collaborator’s mental state and plans. As a result, the role of gaze has repercussion for
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endowing arti�cial agents with a ‘computational theory of mind’ [215, 256], or at the very least

for use to represent the mental state of a tracked user. In Section 2.5, we will further explore the

concept of intention recognition, as gaze has been demonstrated to be an important cue for

recognising intentions and for coordination and collaboration.

2.4 The Role of Gaze Awareness in HCI

In the previous section, we highlight the importance of the role of gaze awareness in human

collaboration. In this section, we shift our focus to its role in human-computer interaction

(HCI), focusing on two bodies of work that relates to this thesis. The �rst body of work is on

computer-mediated human-human interaction, meaning that human user interacts directly with

the gaze of others. At the same time, the computer only acts as a mediator between humans

(human-computer-human). Primarily, the computer acts as a tool for creating gaze awareness,

which is typically through gaze visualisation (Section 2.4.1). The second body of is on work

where computers (or agents) has implicit awareness of the gaze of the user, and interpret the

information to provide some level of direct assistance to the human user (Section 2.4.2). In

addition, we include a brief review on gaze input in human-robot interaction (Section 2.4.3).

The rise in the adoption and exploration of eye tracking in HCI over the past decade is due

to several reasons. First, eye tracking technology has begun to mature in terms of both its

hardware and its underlying algorithms. These ongoing improvements, together with lower

costs, have resulted in the technology increasingly being integrated into consumer devices such

as laptops and head-mounted displays. Eye tracking capabilities can easily be added to existing

devices using peripheral eye trackers, costing as little as €1691 (approximately $200 USD at

time of writing). Only until recently, eye trackers cost an upwards of $10,000 USD and were

typically designed conducting lab-based studies to study human behaviour. Eye trackers provide

computers with a user’s gaze position in real-time by tracking the position of their pupils2. By

processing the gaze positions, two basic spatio-temporal eye movements can be recognised:

�xations, which are eye movements that stabilise the retina over a stationary object of interest

and saccades, which are rapid eye movements used in repositioning the fovea to a new location

in the visual environment [71].
1https://gaming.tobii.com/tobii-eye-tracker-4c/
2Duckowski [71] provides a comprehensive summary of eye tracking techniques.
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2.4.1 Gaze Visualisation in Computer-Mediated Human-Human Interaction

Gaze visualisation is by far the most common approach for creating gaze awareness in computer-

mediated human interaction. By overlaying a live gaze visualisation onto the interface (or onto

the physical world [11, 104]) to create gaze awareness, it provides a complementary layer of

nonverbal communication to an observer. As remote collaborations have been increasingly

becoming common, it is only fair that many existing work have chosen to situate their work in

this setting, especially given its unique challenges.

The bene�ts of gaze awareness through visualisation are also well pronounced in collaborative

settings, where the eyes are not directly visible to their partner. This is because the presence

of gaze provides an essential nonverbal cue for collaborators to monitor each other’s attention

and coordinate their actions as shown in traditional face-to-face collaborative settings [133], as

described in the previous section. Hence, there is a substantial body of work surrounding the use

of ‘shared gaze’ for collaboration in attempt to enhance the interaction. Gaze is typically shared

by collecting the eye movement data from one person, and displaying over the interface of the

other. In most cases, gaze is symmetrical shared, creating mutual gaze awareness (also called

shared gaze awareness) as both users are mutually ‘aware’ where the other is looking. Gaze is

typically used an indicator for a partner’s point of attention, it often used as a dietetic referential

pointer and coupled with another modality to improve coordination and communication. Hence,

gaze is used to simulate the presence of cues in face-to-face interaction.

A popular remote collaboration task explored over the past decade or so is pair programming

[63, 65, 119]. For example, Jermann and Nüssli has used the concept of shared gaze in a remote

pair-programming scenario where both users can see the gaze of one another which allowed

cross-referencing of sequences [119]. Other examples include collaborative search, for example,

Brennan et al. have demonstrated that shared gaze can be more e�cient than speech for the

rapid communication of spatial information (spatial referencing) [37]. In general, the studies

demonstrated that gaze sharing enabled pairs to refer to and �nd locations in shared code more

e�ectively while strengthening shared awareness. More recently, eye tracking has been explored

in the context of collaborative writing [143]. Kutt et al. showed that when incorporated into

online collaborative writing, gaze sharing increased levels of collaboration, produced tighter

work coupling and improved collaboration quality.
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Gaze visualisation can further be augmented onto the real world for collaboration with physical

tasks. For instance, Higuch et al. investigated how remote collaboration between a local worker

and a remote collaborator will change if eye �xations of the collaborator are presented to the

worker [104]. They tracked the collaborator’s points of gaze on a monitor screen displaying a

physical workspace and visualise them in the space by a projector or through an optical see-

through head-mounted display. Among their �ndings, they found that eye �xations can serve

as a fast and precise pointer to objects of the collaborator’s interest and that the worker can

predict some intentions of the collaborator such as his/her current interest. Similarly, Akkil et

al. designed a system that projects the gaze of an instructor onto the workbench of a collaborator

to perform an assembly task [11]. The study �nds that collaboration became easier, referencing

and identifying of objects became e�ortless, and that gaze awareness improved the partner’s

con�dence that the task was completed accurately. Although gaze information �ows one way in

this instance, it showed the importance of augmenting real-time gaze information in the physical

world. Furthermore, gaze visualisation has been explored in co-located collaborative settings, in

particular, the work by Zhang et al. applied the concept of shared gaze awareness in a co-located

collaboration scenario where gaze is presented on the same display to enhance collaboration

between pairs [263]. They found that the knowledge of gaze to the pair eased communication,

allowed them to be aware of their partner’s interest and attention. They found that the awareness

of gaze eases communication as pairs were aware of their partner’s interest and attention.

The use of gaze in games have been a popular area for gaze interaction [243]. Hence, shared gaze

through gaze visualisation has also shown bene�t in both remote collaborative and competitive

gameplay settings [147, 168, 205]. Špakov et al. [227] found that shared gaze increased mutual

understanding between teammates and overall increased team performance. Maurer et al.

explored how a shared gaze awareness changes how players work together and form collaborative

strategies based on di�erent combinations of gaze interaction and verbal communication [168].

Their �ndings highlight the positive in�uence of a shared gaze awareness on team cohesion and

involvement towards increased perceived social presence among cooperating team members.

Additional, gaze has also been explored in co-located gameplay settings—GazeArchers [197].

However, studies on shared gaze visualisations for various applications have found that the

introduction of shared gaze awareness can be disruptive, often being referred to as ‘distracting’
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and ‘confusing’ (e.g. [66, 147]). We hypothesise that this is caused by two primary problems

with gaze visualisation for digital interfaces. First, the way in which gaze has been visually

represented in past works may be inadequate or ill-suited for the task and setting. This is

expected, as the design of visual representations in graphical user interfaces is highly dependent

on their context of use. This problem is exacerbated by an inherent problem with gaze: gaze is

‘always on’ [117], which makes designing gaze representations di�cult as the technology cannot

distinguish between focused scrutiny and more absent-minded looking.

Second, humans are not accustomed to interpreting visual representations of gaze, as the focal

point of gaze is ‘invisible’ in normal interpersonal interaction. Gaze information can be ‘noisy’

due to the jittery movements and the way the eyes work (�xation-saccade-�xation cycle), and

this is re�ected in the representations. Gaze data is di�cult to interpret and often misunderstood

[66], as even trained professionals in eye-tracking evaluations make use of a range of gaze

visualisations to make sense of the same collected data. Further, as gaze is fast-moving and never

entirely still, any real-time visualisation overlaid on a user interface adds a highly distracting

element that may interfere with the viewer’s own thought process. As gaze visualisation is

highly dependent on context and individual preference [65], software for visualising gaze in

real-time often allows users to control its parameters such as by adjusting the colour, opacity

and smoothness [38, 64] to mitigate potential negative e�ects and for added personalisation.

For example, Tobii Ghost3—a free commercial software designed to allow eSports audiences to

view customised gaze visualisations of players in real-time—further exempli�es the growing

popularity of this feature in gaze visualisation applications.

In summary, the existing literature on shared gaze awareness makes clear that there is a need

to balance visibility, distraction and visual information. Furthermore, we note that the problem

with a majority of gaze representations is that they are designed to be used in post-processing of

gaze data. Therefore, there is a need to design and evaluate novel gaze representations, such as

that presented [153], to cater for settings where gaze input is not commonly used. Before we can

design novel gaze representations, we need to understand the intrinsic characteristics of existing

representations in relation to the context of use. Moreover, gaze in computer-mediated human

interaction is often used as a dietetic referential pointer coupled with primary communication
3https://tobiigaming.com/software/ghost/
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modality such as speech, its presence on the interface alone can provide rich information from its

observation. Knowing where someone is looking can provide rich information, from inference

about their intentions to clues about their current cognitive activity based on their eye movement

behaviours such as scanning, focused interest in an object, and repeated comparison of di�erent

objects [231]. In a recent study, gaze awareness has shown to improve collaboration e�ciency

in a collaborative assembly task, �nding that the awareness of a partner’s gaze signi�cantly

improved collaboration e�ciency, as it gave them the ability to estimate their intent [248]. Hence,

despite its numerous bene�ts for improving collaboration, we note that there are several issues

that need to be addressed beforehand when adopting gaze visualisation in collaborative settings.

2.4.2 Gaze-Assisted Human-Computer Interaction

Gaze has shown to be bene�cial in the advancing area of multimodal human-agent interaction, in

particular in development and evaluation of early systems such as iTourist [201, 202]. These early

experimental systems highlight that it is possible to produce interactive gaze-aware arti�cial

agents can improve its capacity to support users with gaze. However, they remain limited in

their application as they are not yet fully capable of capturing the user’s higher-level cognitive

states, such as their intentions. Then again, as gaze input is an e�ective predictor of intention, it

provides us with an opportunity to further expand beyond its use as an indicator of interest. If

computers become aware of our gaze, would they be able to provide assistance? Would they be

able to address the limitations found in computer-mediated human-human interaction studies?

Qvarfordt, Beymer, and Zhai [201] and Qvarfordt and Zhai [202] applied gaze in a dialogue

system, where a remote assistant is able to detect the interest of a remote user through their gaze

patterns while conversing with them (remote user is unaware that their gaze is being tracked).

Tracking gaze behaviour can serve as a natural deictic pointer and thus reveal interest in a natural

way. The two-part work shows the potential for replacing human collaborator (or assistant) with

an arti�cial agent. iTourist was developed as a stress test to investigate how much information

can be gained from a user’s eye gaze alone. One pattern to indicate interest is that a person looks

long at one object with high intensity and long accumulated duration [202]. These studies also

reveal other gaze patterns, such as when a user is no longer interested in a particular area.

In the games domain, implicit interaction using adaptive AI was found to be highly relevant to
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our work, where the game AI would learn from the player’s visual attention patterns to predict

future actions. For example, Munoz et al. predicted player’s actions in Super Mario Bros by

analysing intentions from gaze data using an arti�cial neural network [180]. Similarly, Hillaire

et al. used simple prediction models to determine the direction in which players were going to

turn in a 3D environment based on gaze behaviour [105]. Likewise, gaming has been pushing AI

applications such as by using probabilistic networks in a game to predict the player’s next move

to precompute graphics or by generating intelligent behaviours in non-player characters (NPC).

For instance, Wetzel et al.’s AI game engine dynamically adapts its strategy (to maintain �ow)

based on the combination of eye movements and player’s actions [253].

2.4.3 Gaze in Human-Robot Interaction

Eye gaze has shown to increase the e�ciency and robustness in human-robot teamwork [169].

Gaze is an important social cue and signal in human-human interaction [16, 19], and this

importance is re�ected directly in human-robot interaction [42, 80]. Gaze in human-robot

interaction o�ers two promising directions for enhancing interactions with robots and arti�cial

agents. In one direction, robots can signal their own intentions by simulating head and eye

movements [118, 176]. In the other direction, robots can monitor humans’ eye movements to

anticipate future actions [109] and to determine their level of engagement [4, 128, 136]. The

use of gaze in the context of human-robot interaction has grown in the recent decade alongside

improvements in eye tracking and computer vision technology. With exception of a few, the

current body of work around gaze in HRI is typically aimed towards improving the collaboration

between humans and robots by improving aspects of communication and coordination. These

works generally fall into three broad areas: human subjects utilising the gaze of robots (e.g. [34,

80, 158, 181, 222]), mutual gaze between robots and human subjects (e.g. [6, 41, 259]), and robots

utilising the gaze of human subjects (e.g. [7, 170, 206, 214, 242])—our area of focus in this work.

Intention recognition is an essential aspect in human-robot interaction [238], with applications

ranging from collaborative assembly to assistive robots (e.g. [154]), however, this remains an

open bi-directional challenge in the �eld [238]. This is well exempli�ed by Oliveira et al. [193]’s

study with mixed groups of humans and robots. A critical aspect of gaze is its ability to signal

intentions to others, whether intentionally or unintentionally (‘nonverbal leakage’ [181]).

34



2.5 Gaze-Based Intention Recognition Literature Review

As humans often look before performing an action, gaze provides a potential solution for

intention recognition at two levels of complexity, the �rst being engagement. Robots can utilise

the human’s gaze to recognise the humans intent to interact with it. In Jayagopi et al. [118]’s

work, the authors demonstrated the e�ect of human gaze and contextual dialog cues in helping a

NAO robot determine whether a human was intending to speak to it and not to another person.

They trained a Logistic Regression classi�er to perform the addresee estimation and found

that while gaze cues from the human speaker were the most important feature for addressee

estimation, dialog-context features helps improve the estimation accuracy. This work highlights

not only the strength of human gaze in intention recognition but also that a multimodal approach

to intention recognition can be more e�ective.

The second level of complexity is for robots to fully utilise human gaze as a predictor of intention

such as on objects that a human may be interested in. However, human intention is a complex

construct, as it can be further classi�ed into proximal (short-term) and distal (long-term) inten-

tions [195]. Robots with the ability to recognise intention often lead to better performance when

working on behalf of a human, as was demonstrated by Huang et al. [109]’s study. In their work,

they trained a robot using Support Vector Machine (SVM) classi�er to train a robot to recognise

possible ingredients using gaze data they collected. In their experiment, a robot made smoothies

for human customers and utilised the gaze of humans to predict the ingredients the customer

was interested. The results showed that the robot picked the fruits that a human was considering

quicker when the robot had access to gaze data; demonstrating the predictive ability of gaze.

2.5 Gaze-Based Intention Recognition

Based on the previous sections, we found that the concept of intention is underexplored in

human-computer interaction [21]. Intention recognition is de�ned as the ‘process of becoming

aware of the intentions of other agents, inferring them through observed actions or e�ects on the

environment’ [102, 234]. As visual behaviour is intrinsically linked to how humans plan and

execute actions [144], researchers have leveraged the use of AI techniques to perform intention

recognition from gaze, typically employing a machine learning approach (e.g. [26, 108]).

Researchers have begun to explore the use of supervised machine learning approaches to predict

human intention through the use of eye-tracking, showing that gaze is an e�ective predictor of
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human intention. As the thesis seeks to endow arti�cial agents with this ability, it is important

to determine the selection of gaze features for building the models based on existing work [134].

Huang et al. investigated the predictive role of gaze in a collaborative task where participants role-

played a sandwich-making scenario between a worker and a customer [108]. Using the ingredients

eventually chosen as the ground truth for the customer’s intentions, they measured the extent

to which gaze cues served as predictors of their choices. They compared two approaches: (1)

a simple attention-based intention predictor that performed predictions according to which

ingredient the customer most recently �xated upon, and (2) an SVM-based classi�er using four

gaze features (number of glances, duration of �rst glance, total duration of glances, and whether

a particular ingredient was most recently glanced at. The �rst approach outperformed random

guesses achieving an estimated accuracy of 65%while the SVM classi�er achieved an estimated

real-time accuracy of 83%. Similarly, Bednarik et al. trained an SVM classi�er using many gaze

features to identify the type of task a user was performing when playing the 8-tiles puzzle game

[26]. The types of tasks included planning, where the participant identi�es the possible actions

to take, and cognition, where the participant identi�es the particular information the participant

is currently processing. The gaze features employed were either �xation-based (e.g. �xation

length, �xation count), saccade-based (e.g. count, area, duration), and interface-based (e.g. total

no. of visited areas).

Other classes of algorithms have also been explored. For instance, Ishii et al. proposed an

algorithm based on decision trees that estimated the user’s conversational engagement with

an arti�cial salesperson using attributes beyond gaze direction alone [114]. They trained a

decision tree to serve as their engagement estimation model using four attributes—gaze direction

transition, transition duration, amount of eye movement, and pupil size. Their model could

predict a user’s disengagement with an accuracy of around 70%. Similar to Huang et al. [108],

Andris et al. also used a sandwich-making scenario but used a di�erent approach to modelling

prediction and intention, i.e. Epistemic Network Analysis (ENA) [15]. Their analysis gives an

overall picture of the unfolding gaze patterns in dyadic collaborations.

Overall, such works, exemplify the use of computational techniques to harness the rich infor-

mation available from the observation of gaze behaviour [26, 108]. However, these studies so

far only have scratched the surface of what is possible, especially considering the far-reaching
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bene�ts for its integration in socially interactive arti�cial agents in multiuser settings. Moreover,

the works have demonstrated the predictions of short-term intentions (what someone might

do next), and not in terms of intention recognition as plan recognition. Plan recognition is the

term generally given to the process of inferring intentions from actions [51, 150]. Kautz and

Allen de�ne plan recognition as “the task of inferring intentions (in terms of plans) from the

actions or utterances of observed actors” [130]. The recognition of plans have multiple bene�ts

for human-agent collaboration, such as the reduction in user’s communication burden [150].

We should also consider that intentions are multidimentional. An intention is ‘a mental state

that represents a commitment to carrying out future actions; involving mental activities such as

planning and forethought [36]. Pacherie summarises two common types of intentions found in

the literature [195]: future-directed intentions and present-directed intentions in line with other

researchers [36], prior intentions and intentions-in-action [219], prospective intentions and imme-

diate intentions [35] and distal intentions and proximal intentions [172]. In summary, intention

recognition is a complex process with many researchers presenting di�erent models of intentions.

In Chapter 6, we will elaborate how we approach the intention recognition problem.

2.6 Situation Awareness in Human-Agent Teaming

Situation awareness in human-agent teams have shown to be bene�cial for human-agent col-

laboration [58]. Situation awareness is de�ned ‘perception of elements in the environment within

a volume of time and space, the comprehension of their meaning, and the projection of their status

in the future’ [78]. Visual information helps people maintain up-to-date mental models or situa-

tional awareness of the state of the task and others’ activities. This awareness can help them

plan what to say or do next and to coordinate their utterances and actions with those of their

partners [142]. Hence, we hypothesise that gaze awareness can lead to situation awareness in

our setting, where players with knowledge of their opponent’s plans (and how they might a�ect

their own), can potentially improve the player’s decision making. With the awareness of the

current situation in terms of the past and present actions (i.e. what has happened so far) with

clues of what might happen in the future, both the human and agent can adapt.

Chen et al. [58]’s Situation Awareness-Based Transparency Model (or SAT Model) acts as a model

to support a user’s ‘situation awareness’. In this model, the agent communicates di�erent types
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of information at three levels to support the user. At the lowest level, the agent communicates its

own state, which includes the agent’s intentions. At the middle level, the agent communicates

information regarding its reasoning process, and at the top level, the agent communicates

information regarding potential future states. According to the SAT model, each level describes

the information an agent needs to convey in order to maintain a transparent interaction with the

human. More importantly, an agent that can provide more accurate and timely projections (at the

highest level) will help narrow down the potential predictions a player may possess. However,

we note that this transparency comes at a cost. For example, Helldin et al. [103]’s study found

that although transparency improved the operator’s trust and performance, it caused decision

latency and increased the operator’s workload. Hence, it is important in our setting to balance

the amount of information presented the player as well as how much assistance to provide.

2.7 Research Questions

The research topics covered in this chapter suggests that there are clear bene�ts for incorporating

gaze into human-agent collaboration. The literature shows that gaze is an excellent indicator

of intentions (Section 2.5). An arti�cial agent that can recognise intentions and subsequently

reason and communicate them allows the human-agent team to gain a better awareness of the

situation. Hence, there is a strong indication that intention recognition has the potential to

support human-agent collaboration, especially if the agent can detect the intentions of others as

well. Knowing the intentions of a collaborator and others (e.g. opponents) in the environment has

multiple bene�ts such as the ability to update mental models, reduce the need to communicate,

improve coordination and improve situation awareness for the human-agent team. Further, we

situated the thesis in a competitive gameplay setting, as it presents an interesting controlled

domain to explore (Section 2.4). As arti�cial do not yet possess the ability to perform gaze-based

intention recognition, especially in our setting, this becomes the focus of in the �rst part of our

research. Hence, the potential for gaze-based intention recognition to support human-agent

collaboration forms the overarching research question addressed in this thesis is:

Main RQ: How might gaze-based intention recognition improve real-time human-

agent collaboration in a competitive gameplay setting?
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To help answer the Main RQ, we formed three sub-research questions, RQ1-RQ3. The �rst

research question aims to drive the understanding of gaze-based intention recognition from the

perspective from human users. Grosz argues that researchers need to identify the capabilities that

must be added to individual agents so that they can work with others and that these capabilities

cannot just be ‘patched on’, but must be designed in from the start [95]. Since human-agent

collaboration is strongly inspired by how humans work together in teams, we wanted to �nd

out how humans exhibit intentions and recognise them. To do this, we formed two further

sub-research questions, RQ1.1 and R1.2. RQ1.1 address the gaze visualisation requirements to

enable humans to recognise intentions, while RQ1.2 evaluates its e�ects in terms of increasing

their capacity to infer intention recognition.

RQ1: Does gaze awareness improve the capacity of a human player to perform
intention recognition in a competitive gameplay setting?
RQ1.1: How do we represent gaze to improve a human’s capacity to perform intention
recognition in a competitive gameplay setting?
RQ1.2: What are the e�ects of gaze awareness for intention recognition in a competitive
gameplay setting?

In Section 2.4, we found that a major limitation in using human interpretation of gaze is scalability,

where most works only focuses on two user scenarios, and we imagine it would be di�cult to

scale up to more than two users, which may add more confusion as users need to keep track

who’s gaze is which and where. Hence, we question what if an agent can perform this gaze-based

intention recognition. Moreover, the current state-of-the-art employs gaze visualisation. While

has shown some success in increasing task performance and improvements in coordination, we

found that a number of issues. For instance, gaze becomes confusing when not in sync with other

modalities such as speech, or can be distracting as it overlay over the screen at all time. Gaze has

an inherent ‘midas touch’ problem and constantly moves as users on both ends scan the interface.

Moreover, humans often �nd it di�cult to interpret gaze visualisations, as they not accustomed

to seeing the gaze of other humans in an explicit manner. This had led to studies investigating

its appearance and also its use in di�erent contexts. We determine that arti�cial agents can

potentially assist a human with awareness of gaze. Therefore it is important to evaluate its

capacity to infer intentions, which forms sub-research question RQ2.
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RQ2: Does gaze awareness improve the capacity of an arti�cial agent to perform

intention recognition?

To answer RQ2, we will use collect the gaze behaviours as we evaluate the capacity of human

subjects in RQ1. This approach also allows us to draw direct comparisons to determine if

the arti�cial agent can outperform the human in terms of intention recognition performance.

Therefore, for RQ1, we must consider how we can collect data with ground truths to answer

RQ2. Moreover, RQ2 requires us to have a prototype of an arti�cial agent that combines gaze for

intention recognition, and our review in Section 2.5 provides insights into how to begin.

The third sub-research question, RQ3, focuses on the collaborative aspects of the agent, in

particular, its ability to communicate and its ability to provide situation awareness:

RQ3: How do we design gaze-based intention recognition systems for supporting
human-agent collaboration?
RQ3.1: How should an arti�cial agent communicate intentions given the ability to perform
gaze-based intention recognition?
RQ3.2: Does delegating the task of intention recognition to the agent improve the player’s
decision making in a competitive gameplay setting?

To answer RQ3, we formed two further sub-research questions, RQ3.1 and RQ3.2. RQ3.1 questions

how an arti�cial agent should communicate intentions, given the ability to perform gaze-based

intention recognition. As current arti�cial agents cannot yet infer intentions from gaze, this aspect

is unexplored. We hypothesise that the agent will use di�erent properties or even structures to

communicate intentions, and therefore important that we investigate this aspect so that the agent

can communicate e�ectively in a human-agent teaming scenario. RQ3.2 addresses the need to

alleviate the user from the task of intention recognition. The addition of intentions of gaze-based

intention recognition adds an additional layer of information the human player can draw on,

but this can be detrimental as well, as outlined in Section 2.6. Hence, it is important to evaluate

whether delegating the task to the agent can alleviate mental workload and improve decision

making. RQ3 overall focuses on how we can design better arti�cial agents for human-agent

collaboration, especially ones that integrate nonverbal communication such as gaze.
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Future human-computer interactions will make it much easier

for people and machines to work together. It will make it

possible for machines to support people in cognitive tasks as

well as physical tasks. The future holds a lot of possibilities

for people and machines working together.

– Daniela Rus

3
Research Design

3.1 Introduction

In the previous chapter, we identi�ed several issues pertaining to human-agent collaboration,

along with its current limitations of current systems today. We argued that for arti�cial agents

to collaborate e�ectively with their human counterparts, they �rst need to be able to utilise

nonverbal communication cues during the interaction. The ability to track gaze unobtrusively

using modern-day a�ordable eye trackers presents an opportunity to explore its use in the

context of human-agent collaboration. In related work, shared gaze awareness has shown to

be particularly bene�cial in computer-mediated collaborative human-human settings, which

leverages the importance of gaze awareness during humans interaction in the real world. Despite

its many advantages for improving coordination and communication, many broader limitations

remain unresolved, especially in terms of scalability and usability for future developments.
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While existing work provides strong motivations for the incorporation of gaze into human-agent

collaboration, they do not provide su�cient knowledge on how best to go about it. Notably,

there is a lack of knowledge concerning gaze-based intention recognition, especially on enabling

intelligent interactive systems to possess this capability. Hence, the thesis sets out to build

this knowledge from the ground up, by �rst understanding how humans portray and infer

intentions by giving them the ability to observe the gaze of others in our chosen controlled

setting. We selected this as a �rst step towards building a gaze-enabled collaborative agent

as being aware of the intentions of others is key for successful communication, as it not only

reduces communication overhead but improves the overall collaboration experience.

This chapter is divided into three subsections. In the �rst, we present our overall research

approach to the problem, along with the justi�cations for selecting a scenario-based design

approach and our chosen scenario: collaboration in a competitive gameplay setting (Section

3.2). In the second, we describe Ticket to Ride, a competitive turn-based strategy game that we

employed throughout the studies in the thesis, including the rules of the game, the concept of

introducing eye tracking in the game to investigate gaze-based intentions and a feasibility study

to determine its viability for our research (Section 3.3). In the third, we outline our imagined

vision of the future where humans and autonomous embodied agents can collaborate e�ectively

in an interactive social setting, in our case, around a table in teams strategically competing in

a game of Ticket to Ride. As we employed a scenario-based approach, we can form multiple

studies focusing on di�erent actors and activities stemming from our imagined vision. Hence, in

Section 3.4, we provide a detailed structure of the studies included in this thesis, including how

the �ndings of each motivate and informs the next, and how they �t into the aims of the thesis.

3.2 Research Approach: Scenario-Based Design

The overarching research question addressed in this thesis is:

Main RQ: How might gaze-based intention recognition improve real-time human-

agent collaboration in a competitive setting?

To answer this question, we adopted a human-centred design approach, in which we focus on the

behaviours and experience of humans rather than their collective needs and requirements. This
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shift in focus is due to the thesis aims, where we set out to explore how incorporating gaze-based

intention recognition in the context of human-agent collaboration can potentially narrow the

interaction gap between humans and arti�cial agents. To do this, we must �rst address the

fact that socially interactive agents do not yet possess the capability to perform gaze-based

intention recognition, which requires us to study how humans perform this inherent ability in

the �rst place. Hence, it becomes less of a priority in this thesis for users to participate in shaping

the design of the arti�cial agent in the earlier stages. Our overall human-centred approach is,

therefore, more focused on human-emulation [237] to endow the arti�cial agent with human-like

abilities. Once we address this unique challenge, we can only then start to investigate how an

arti�cial agent given both the ability to recognise and communicate intentions can support a

human player collaboratively (as performed in Chapter 8). Meanwhile, in Chapters 4-7, we focus

on eliciting natural human behaviours to inform, design and evaluate the arti�cial agent.

As our overarching human-centred design approach, we employed the use of Scenario-Based

Design to design a series of studies to inform the di�erent capabilities of a collaborative arti�cial

agent. Carroll describes Scenario-Based Design (SBD) as a “a family of techniques in which

the use of a future system is concretely described at an early point in the development process”

[53]. Scenarios, narrated as simple stories, help us to communicate problems and ideas, can

help in envision outcomes, and provide a basis for testing and stimulate thinking about possible

outcomes. Further, scenarios can be abstracted, categorised and can be written at multiple levels

of granularity [52]. As a consequence, the open-ended and informal narratives of what people

do and experience as they try to perform di�erent activities with or without making use of a

computer application has made it a popular approach for designing user-centred systems [126].

Our adoption of scenarios for building the capabilities of an ‘intention recognition system’ is akin

to the early work on speech recognition systems, where scenarios were adopted as part of its

design process and for eliciting patterns (e.g. [125, 126, 127]). The prevalence and advancements

in intelligent voice user interfaces would not otherwise be possible without the successful

outcomes from such studies. With this in mind, we further observe that our approach mirrors

the way voice interfaces have developed over the decades. Giving computers the ability to ‘listen’

(through microphones) or to ‘speak’ (through speakers) mirrors the ability to ‘see’ the gaze of

the human through eye trackers. Over time, the ability to interact using voice has allowed us to
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study the patterns of speech interaction, leading to signi�cant developments in its recognition

and simulation. Henceforth, we anticipate that the adoption of a scenario-based design approach

would allow us to follow a similar trajectory, but with eye tracking and intention recognition.

Following Wolf [257], we focus on the four main elements when producing a scenario: (1) actors,

(2) background information on the actors and assumptions about their environment, (3) actor’s

goals or objectives, and (4) sequences of actions and events. Typically, the SBD approach is used

to describe a human actor’s interaction with a system. In this work, we extend actors to include

arti�cial agents, as we view them as having the same cognitive abilities as the human actors.

Figure 3.1: Envisioned Human-Agent Collaboration Scenario – Collaboration in a Competitive Setting.

Figure 3.1 illustrates our chosen overarching scenario, a vision of the future in which the thesis

is working towards to, where humans and autonomous embodied agents can interact with each

other naturally in a playful competitive setting. The �gure shows a series of possible interactions

between the actors, which is investigated in this thesis. Most importantly, the �gure shows the

perspective of collaboration between an arti�cial agent (represented as a humanoid robot) and a

human player collaborating in the game against other human-agent teams. Here, the human
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player and agent are in the process of strategic planning, but also simultaneously inferring their

opponent’s strategies observing both their explicit actions and the implicit nonverbal signals to

infer their potential strategies to inform their planning. One of the many strengths of adopting

an SBD approach is its �exibility to describe scenarios at di�erent levels of granularity. Hence, it

allows us to focus on di�erent interactions between the actors that may occur in the context

scenario, along with their actions and tasks. This will be further elaborated later in Section 3.4.

The envisioned overarching scenario takes on a speculative narrative that, in turn, helps us to

form ‘what-if’ scenarios, along with follow-up questions that we can use as a basis for further

investigation. Such questions can include: What if arti�cial agents can infer the intentions of

human players from observing their gaze? Would they be able to explain how they came about their

inferences by describing what they observed? Questions from a human perspective include: Would

humans change the way they look knowing an arti�cial agent constantly watches them? Howwould

we go about building arti�cial agents that can e�ectively collaborate alongside humans?

Further, by envisioning an arti�cial agent in our setting, it highlights its current limitations from

an interaction capability perspective. For example, the agent cannot yet infer the nonverbal

communication cues of its teammate and its opponents but given the ability to do so would allow

the agent to adapt its behaviour or plans accordingly, to provide proactive support to the human

counterparts for the team to reach their common goal [236], or even to be transparent about

its reasoning process based on its observations. At the same time, it also shows that the agent

cannot yet communicate its inferences, as it lacks the protocols to do so. On the other hand,

the presence of human players in the scenario helps keep the humans in sight, enforcing us to

always to consider the human players when designing the capabilities of the arti�cial agent.

One of the factors that led us to adopt an SBD approach is that it is re�ective of current works in

human-computer interaction that adopts a use case application to demonstrate the ability of the

system. One such example that leveraged eye tracking is the development iTourist/RealTourist

[201, 202]. In this two-part work, the authors use a tourist planning scenario together alongside

a human-centred approach to elicit both human gaze and conversational patterns to inform the

design of a system that can engage in conversation based on the user’s gaze patterns. Using such

approach as a basis, therefore, allows us to expand the current application of eye tracking further,

moving away from gaze as a referential cue to signal interest as used in works that employ gaze
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visualisation, and towards the ability to make inferences on intentions.

The primary reason for selecting a competitive multiplayer gameplay setting is that we required

a controlled setting where we can isolate gaze behaviours from other forms of communication

(e.g. verbal communication). In competitive games, players can play out the entire game without

explicitly communicating with one another. From a data perspective, it allows us to build a

record of natural gaze behaviours, changing states of the game, and most importantly, ground

truths through their explicit actions. From a computing perspective, it allows us to easily abstract

the rules of the game into the agent model, allowing us to evaluate di�erent scenarios with the

data and further explore the interaction capabilities of the agent.

In the next section, we describe the strategic board game illustration in Figure 3.1—Ticket to Ride,

which we have selected from a list of candidate games. Competitive strategic multiplayer games

and gameplay have long been used to evaluate the performance of arti�cial agents [261], ranging

from classic board games (e.g. Chess [50]) to multiplayer real-time strategy games (e.g. StarCraft

[194]). A popular example is AlphaGo developed in 2015 by DeepMind Technologies to play the

two-player turn-based strategy board game Go, one of the world’s most complex games. In 2016,

AlphaGo defeated Lee Sedol, one of the world’s best Go players and has since undergone multiple

successions [223], and approach being applied to other domains (e.g. [220]). Two decades earlier,

IBM’s supercomputer Deep Blue defeated grandmaster Garry Kasparov, the greatest chess player

at that time [50]. Kasparov defeat resulted in centaur chess (or cyborg chess), where players on

both sides collaborate with computers to increase the level of play to new heights [27].

Unlike Chess and Go, Ticket to Ride is a game of imperfect information where players hold cards

containing their hidden goals and resources and therefore do not know the full state of the

game [213]. A good example of imperfect information games is a card game where the player’s

cards are hidden from the rest of the players. Imperfect information makes things much harder

for the AI in terms of making predictions but better re�ective of real-world applications [141].

A recent example of AI that is tasked with imperfect information is Libratus [40], a computer

program designed to play poker, speci�cally heads up no-limit Texas hold ’em. Similar to our

goals, Libratus is intended to be generalisable to other, non-Poker-speci�c applications. As such,

Libratus is only able to learn any game where opponents may be hiding information or even

engaging in deception, but also in any situation in which incomplete information is available.
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3.3 Ticket to Ride

Ticket to Ride (USA) is a popular 2-5 player turn-based strategy board game designed by Alan

R. Moon and published by Days of Wonder in 2004. Ticket to Ride has won multiple international

awards, sold over 6 million copies and translated into 18 languages. In this game, players collect

cards of various types of train cars that enable them to claim railway routes connecting cities

across a map of North America. The objective of the game is to accumulate the most amount

points throughout the game, as the player with the highest number of total points, calculated at

the end of the game, wins the game.

We chose this game for several reasons. First, it is a widely-played board game, already familiar

to many, with a digital game version that is almost identical to the board game1. It has relatively

simple rules involving clear goals and actions, which can be learned in under 15 minutes by

interested players who have not played it previously. This simplicity is important as games

with overly complicated rules may confuse players and unable to provide the data we need

for evaluating intention recognition. The game also has a relatively short gameplay time,

approximately 30 minutes for a two-player game and shorter for experienced players.

Second, Lankes et al. have suggested that in competitive settings, turn-based games are better-

suited for overlaying the gaze of an opponent on the interface, as opposed to real-time �rst-person

shooters [147]. This suggestion is because such games allow players to alternate between playing

their own moves and watching their opponents’ behaviour as they take their turn. Third, Ticket

to Ride is a map-based game, in which the players’ focus and strategic calculations are closely

concentrated on the geography of the map; gaze awareness and eye movement studies with

map-based applications have been shown to be highly successful, as the static map gives users a

point of reference [135, 202, 263]. Fourth, it is a game of imperfect information, and therefore

approaches arising from this work may potentially be generalised to other real-world scenarios,

as seen with the progression of Libratus using poker as a form of imperfect information [40].

Lastly, Ticket to Ride has been a popular game in the AI community from di�erent perspectives,

from its use for educating theories [157], to its use as an example of playtesting [173], and for

running simulations on di�erent agent models [112].
1https://www.daysofwonder.com/tickettoride/en/
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3.3.1 Gameplay and Rules

At the beginning of the game, each player is randomly dealt three destination ticket cards, which

are unknown to their opponents. Each destination ticket card shows a pair of cities (e.g. from

Dallas to New York) along with a point value in which the players will attempt to complete in

secret, forming their hidden goals. The player must keep at least two of ticket cards and discard

the unwanted ticket card to the bottom of the stack, if any. The ticket cards that are kept may

not be discarded for the rest of the game. There are 30 destination ticket cards in total and are a

mix of short, medium and long connections re�ected by their point value, which ranges between

4 points (Denver to El Paso) to 22 points (Seattle to New York).

Players are also randomly dealt four train car cards from a random pool at the beginning of

the game as their starting hand. These cards act as resources for claiming routes on the board

and can be one of nine di�erent colours: black, blue, green, orange, purple, red, yellow, white

or wild. A wild card, also known as a locomotive card, is a special type of card that can be

used as if it were of any other colour. Each colour (except for wild) directly corresponds to

the colours of the routes located on the map, as shown in Figure 3.2. Each player also selects

a colour which corresponds to a group of 45 coloured train pieces with a matching scoring marker.

Figure 3.2: Ticket to Ride Board Game (and its areas of interest and components).
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The objective of the game is to score the highest number of total points calculated at the end of

the game. The player with the most points wins the game. Players score points in three ways:

1. Claiming a Route. Points are awarded when a player claims a route between two adjacent

cities on the map. The number of points depends on the length of the route in terms of train

cars, and are as follows: 1 = 1 point, 2 = 2 pts, 3 = 4 pts, 4 = 7 pts, 5 = 10 pts and 6 = 15 pts.

2. Completing a Destination Ticket Card. Players obtain the corresponding points stated

on the destination ticket cards if they successfully connect them in a continuous path and

will lose the same number of points if they do not. Players can draw additional ticket cards

during their turn in the game if desired.

3. Completing the Longest Continuous Path of Routes. The player with the longest con-

tinuous path of routes at the end of the game is awarded an additional ten bonus points.

On each turn, the player must perform one (and only one) of the following three actions:

1. Draw Train Car Cards. The player may draw two train car cards. The player may take any

one of the �ve face-up cards (Card 1- Card 5 in Figure 3.2) or may draw the top card from

the deck, which is a blind draw. When a player draws a face-up card, the card is immediately

replaced with a card from the deck. If the player draws a face-up wild card from one of the

�ve face-up cards, the player may only draw one card instead of two. However, if a player is

lucky enough to get a wild from the top of the deck in a blind draw, it stills counts as a single

card and the player may still draw a total of two cards that turn. For the second card, the

player can draw either from the face-up cards as long it is not a wild card, or from the top of

the deck. In short, players can either draw two train cards of any colour combination, or one

wild card that is faced-up during their turn.

2. Claim a Route. The player may claim a single open route between two cities on the board

by using up their train car cards, and is never required to connect to any of his previously

played routes. To claim a desired route, the player has to discard the number of cards of

the same colour from their hand. The colour and quantity of cards are determined by the

desired route they are trying to claim. For example, the route between Denver and Helena

requires four green train car cards to claim, and therefore requires the player to have four

green train car cards (or a combination with wild cards) in hand when claiming, which will

be subsequently be discarded. After discarding the cards, players place their coloured train
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pieces on the route to mark as theirs. Out of the seventy-eight routes, twenty-two routes are

grey coloured, which indicates that the route can be claimed using a set of cards of any one

colour. A route claimed by one player can no longer be claimed by any other.

3. Draw Destination Tickets. Players have the option to draw additional destination tickets

cards during their turn. To do this, the player draws three destination ticket cards from the

top of the respective deck. The player must keep at least one of them, but he may keep two or

all three if desired. Any returned cards are placed on the bottom of the deck.

The game reaches an end when one player is left with two or fewer trains pieces at the end of

a turn, at which point all players proceed to take one more turn. The game then ends, and all

players calculate their scores. The player with the highest score wins the game.

In summary, Ticket to Ride is a 2-5 player turn-based strategy board game where players compete

to build train routes between adjacent cities across a map of North America. Players gain points

for building a connection between speci�c pairs of cities that they are randomly assigned on

destination ticket cards, which are unknown to the opponent. Players lose points if they fail to

complete ticket cards they hold, and can block each other’s paths, as only one player can claim

each train route. Therefore, players must plan their routes carefully to minimise the risk that an

opponent will guess their intentions and block them by claiming the routes that they need �rst.

Keeping information hidden is, therefore, core to the game, as a player can gain a signi�cant

advantage by correctly guessing their opponents’ hidden objectives.

3.3.2 Concept

Figure 3.3 illustrates a simple example of how knowing the gaze of an opponent can improve a

player’s capacity to infer intentions in the game of Ticket to Ride from a �rst-person perspective.

Hence, imagine that your opponent is attempting to connect a route between Santa Fe and one

of the other cities on the map in the �gure. The intention recognition problem is to determine

the destination city (potential goal) as well as the routes the opponent might take to reach the

destination city (plans). On the left �gure (without gaze), you can see that the opponent has

already traversed (or claimed) the route from Santa Fe to Denver. Thinking rationally, we can

argue that it implies that the probability of the opponent’s �nal destination being Oklahoma City

is smaller than that of any other city. If the opponent wanted to connect to Oklahoma City, then
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Figure 3.3: Gaze-Based Intention Recognition Concept (in relation to Ticket to Ride).

they would have traversed from Santa Fe directly to Oklahoma City instead of going through to

Denver unless it is part of another plan to head in that direction.

From this single claim route shown, it is not very easy to distinguish the probability of the distant

cities in the north (Seattle, Calgary, Winnipeg, etc.)—they are all the same distance from Denver

(i.e. two moves away). The example on the right (with gaze) shows how gaze might increase the

intention recognition capacity in this game. Here, we can see that the opponent is gazing upon

both the Seattle and the Seattle to Helena route. From this observation, we can now argue that

this represents a potential future action and that Seattle is a more likely the �nal destination

compared to Calgary or Winnipeg, especially if these cities have received no interest through

their gaze. With the knowledge, we can determine that the opponent is likely to claim the Denver

to Helena route next. We can also argue that Calgary is still more likely than Oklahoma City,

which neither �ts our observed in-game actions nor our observed gaze actions.

3.3.3 Feasibility Study

Following through with the concept presented in the previous section, we conducted a feasibility

study to determine the suitability of Ticket to Ride for eliciting gaze behaviours for the purpose

of intention recognition further. To do this, we recorded a playthrough of the game using the

physical board game version with four players. Initially, only one player knew the rules of

the game, hence a quick test round was played so that all players became familiar with the

rules and procedures in the game. The subsequent round is a real match which lasted one hour
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Figure 3.4: Feasibility Study Experimental Setup.

(approximately). One of the players wore a pair of Tobii Pro Glasses 22 eye tracking glasses

during the study. Figure 3.4 shows the study setting with players seated around a table, recorded

from four di�erent camera angles. From these �ve camera feeds (4 �xed cameras + 1 wearable

tracking), we can observe the actions and behaviours of each player. We reviewed the recordings

from both the camera feeds and the eye tracking glasses. From the recordings, we observe three

key behaviours:

Behaviour 1: Hiding Intentions

The player will determine the best possible next steps without taking too long to not give away

his intentions. This shows that players can become aware that other players are watching

their actions or nonverbal cues such as their gaze in this setting as well. In general, it is also

possible that players might not want to keep other players waiting, especially if it is during their

turn. Hence, players would often have a plan in mind but do their best to keep them hidden as

opponents can gain a signi�cant advantage if they correctly guess their plans.
2https://www.tobiipro.com/product-listing/tobii-pro-glasses-2/
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Behaviour 2: Early Planning

Figure 3.5 shows that the gaze of a player can reveal the plans of a player early in the game. As

shown, the player forms his initial plans at the start of the game when they receive his tickets,

forming his goals. As the game progresses, the player repeatedly checks his plans, often looking

back and forth between the cards in his hand and the area on the board to determine if he has

enough resources to complete that part of the plan. When the player’s gaze is combined with his

claimed routes, it can be used to reveal the trajectory of his intended plans.

Figure 3.5: Example of early planning behaviour shown using gaze visualisation.
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Behaviour 3: Inferring Intentions of Opponents

When the player waits for his turn, and has a plan in mind or has completed their current

intended plans, the player will use the opportunity to observe the behaviour of other players,

which includes their implicit cues such as where they are looking and other in-game actions

such as what train card they have taken. As shown in Figure 3.6 below, the player looks at the

gaze direction of an opponent across the table and infers where that opponent is looking on the

board. The player then engages in joint visual attention, where he continues to follow where the

opponent is looking on the board based on subtle changes in their gaze direction.

Figure 3.6: Example of how players track the gaze of one another during the game.

The outcomes from this feasibility study gave us the con�dence to pursue the study of gaze-based

intention recognition in our proposed setting and the use of the digital version of Ticket to Ride

as a stimulus for eliciting gaze-based intentions. Beyond intentions, we note that there is a

multitude of observations we can make from eye-tracking boardgame play [210]. In the next

section, we outline the structure of the studies built around the behaviours shown in this study.

3.4 Structure of Studies

This section details the overall structure of the studies conducted in this thesis. In the introduction

to the chapter, we presented an illustration of the overarching scenario (see Figure 3.1) which

depicts a human and an arti�cial agent (represented as a humanoid robot) competing as a

mixed-team involving a strategic turn-based board game—Ticket to Ride—against other teams. A

closer look at the overarching scenario shows the di�erent interactions and behaviours between

actors that may naturally occur found in a real-world co-located competitive gameplay setting.

As outlined by Pohl and Haumer, scenarios can be described at several levels for contextual
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knowledge: scenario level—which provides the overall context including stakeholder goals and

processes, and interaction level—which are more �ne grained and describes interactions with

the system or stakeholders [198]. Figure 3.7 below shows a breakdown of the whole scenario

(scenario level) into manageable set of interaction level scenarios, in which we have leveraged to

formulate the �ve studies conducted in the thesis to help answer the main RQ.

Figure 3.7: Breakdown of overarching envisioned scenario into interaction-level scenarios.

Below, we �rst provide a brief narrative for each of the interaction level scenarios shown in

Figure 3.7 to avoid any misinterpretation. This is then followed by how each scenario relates to

the research questions in the remainder of the chapter.

Baseline: The player in pink is predicting how the actions currently carried out by the
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player in green will a�ect the state of the game and possibly her own strategy. The player

in green is currently placing a game piece on the board during his turn, which ‘explicitly’

signals to other players his intentions to claim that part of the board, and along with past

actions, a trajectory towards his goals. This scenario represents intention recognition

using explicit actions, and is typical of how players make predictions in such games.

Study 1: The spectator in this scenario has been silently watching both the game and the

behaviour of the players from the start. The spectator knows the rules of the game well,

and with no prescribed goals of his own, he is free to make his own inferences based on

all the information he has gathered to predict how the game would unfold as it progresses.

As such, the spectator can also observe where each player has looked and can use this

complementary layer of information as part of his goal and intention recognition process.

Study 2: The player in orange is discreetly observing the nonverbal behaviours (e.g. gaze,

actions, emotions) of an opposing player team across the table who are in the process of

formulating and discussing their hidden strategy. Players (and their teammates) in games

with hidden information can gain a signi�cant advantage if they can correctly predict the

plans of others. As the players have not become aware that they are being observed and

that they are exhibiting nonverbal signals that give away information about their plans,

this scenario represents intention recognition using implicit nonverbal signals.

Study 3: In this scenario, an arti�cial agent (represented by a humanoid robot) replaces

the human player in orange in Study 2. Similarly, the agent is discreetly observing the

nonverbal behaviours of the opposing player team across the table as they form their plans

in secret. The agent and by extension, its human teammate, can gain a signi�cant advantage

if they can uncover the plans of their opponents correctly, which will enable them to

make better strategic decisions together as the game progresses. This scenario, therefore,

raises the question of whether an agent can possess the capacity to make inferences using

nonverbal signals as with the human player in orange in the previous study narrative.

Study 4: The player in red engages in a dialogue with the spectator who has observed

how the game has unfolded as well as the behaviour of other players/teams since the start.

Ideally, the spectator can provide recommendations on what the player should do next, but
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this requires the player to communicate his plans. At the very least, the spectator should

be able to communicate what the others plans are, or what they might do in their next

turn. Either way, the spectator should be able to explain to the player how he came up

with his inference. For instance, by describing the actions of an opposing team so far, or

what he saw them looking at. In the previous scenario (Study 3), it raised the question of

whether an arti�cial agent possesses the capacity to make inferences on human nonverbal

signals. If the agent does possess this capacity, we can then start to question whether it

has the capacity to not only e�ectively communicate its inferences but also whether it can

explain them to the player when asked. Therefore, this scenario represents an instance

of intention communication, as any player or agent in the scenario should be able to

explain its reasoning process once an inference has been made.

Study 5: This scenario describes an instance of a human-agent team collaborating, where

the agent communicates its predictions of their opponents to the human player who

then uses the information to make strategic decisions. In an ideal situation, the human

and agent can negotiate on what would be the next move should be, especially when

it di�ers between them. To keep scenario simple, the arti�cial agent in this scenario is

tasked at gathering as much information as possible by observing the in-game actions

and behavioural signals of the players in the opposing teams, forming a mental model

of each opposing team (or player). The agent then communicates its inferences to the

player and is able to explain how it came about them. The human player, on the other

hand, will exercise judgement on what might be the best approach forward, and to do this

e�ectively, the agent needs to communicate its awareness of the situation accurately and in

an e�ective manner. The arti�cial agent, possessing the computational power and memory

capacity to process all the information available, makes an ideal partner to assign the task

of providing awareness by predicting and communicating the plans of its opponents.

By breaking down the background scenario into the �ve interaction level study scenarios along

with a narrative of the actors involved and their interactions, it allows us to form a series of

sub-research questions for each study, which can be found in the respective chapters—Chapters

4 to 8. For each study, we investigate a series of such interactions stemming from the scenario,

where each study contributes to the design of an arti�cial agent, that when combined would
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potentially allow the agent to possess the same capabilities as any other player in the scenario.

Figure 3.8 below provides an overview of the structure of the study chapters (Chapters 4-8). As

shown, the studies are divided into three parts, each with a di�erent focus. In the rest of the

section, we provide the description and aims of each part and corresponding study, how their

primary outcomes inform the subsequent studies, and how they align towards the �nal study,

Study 5. Study 5 evaluates the experience of a human player that is assisted by an intention-aware

arti�cial agent with the capability to perform gaze-based intention recognition.

Figure 3.8: Overall Structure of Thesis Study Chapters.

PART 1: HUMAN-HUMAN INTENTION RECOGNITION STUDIES

To train an arti�cial agent to understand human gaze to perform intention recognition, we must

�rst understand how humans portray and infer intentions from observing gaze behaviour. Hence,

in this part, we evaluated how well humans can perform this skill when given the ability to see

where others are looking (i.e. ‘gaze awareness’). Simultaneously, we recorded a data set of gaze

behaviour and ground truths as players form these intentions to evaluate whether an arti�cial

agent can perform the same task in the next part. The �rst of the three sub-research questions,

RQ1, builds on the eye-mind hypothesis [122], where we leverage the fact that the player will

look at parts of the map they are interested in performing actions.
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RQ1: Does gaze awareness improve the capacity of a human player to perform

intention recognition in a competitive gameplay setting?

To answer this question, we designed two studies that explore the human capacity to infer

intention, given the ability to ‘see’ the gaze of their opponent. Study 1 focuses on the visualisa-

tion aspects of gaze-based intention recognition, while Study 2 focuses on the e�ects of gaze

visualisation during live gameplay in our chosen setting. To better inform the design of both

studies, we �rst piloted them simultaneously before beginning Study 1. The description and

�ndings of the pilot study are found in the introduction of Study 1 (Section 4.2).

Study 1: Real-Time Gaze Visualisation for Human-Human Intention Recognition

The �rst study in the thesis focuses on the ability of a human non-player (i.e. human spectator),

to derive intentions from a range of visual representations of gaze. From our review of the

literature, we found that gaze visualisation is the most common approach for utilising gaze

input in technology-mediated human-human interaction. Gaze overlaid on a shared interface

provides a complementary layer of nonverbal communication, especially bene�cial in remote

settings where the collaborators cannot see each other’s eyes directly. However, users in previous

studies have reported that its use can be confusing when there is a mismatch with other forms

of communication [66] and distracting, due to the constantly moving live gaze visualisation on

the interface [263]. Furthermore, our pilot study revealed similar �ndings that suggest that

the visualisation style is highly dependent on the context, which also strongly in�uences the

interaction. Gaze visualised in the form as a live ‘red dot’ augmented over the digital version

of Ticket to Ride, may not be the most appropriate representation for an observer to perform

gaze-based intention recognition e�ectively, as indicated in our pilot study. Hence, we formed

sub-research question RQ1.1 to evaluate which visual representation of gaze would not only

work best for performing gaze-based intention recognition but which could potentially suit a

remote competitive gameplay setting—where only one player can see the gaze of the other (an

unaware asymmetrical setup).

RQ1.1: How do we represent gaze to improve a human’s capacity to perform inten-

tion recognition in a competitive gameplay setting?
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This question is examined through a repeated-measures study that evaluates nine di�erent

visual representations of gaze in our chosen competitive digital game setting, each with di�erent

characteristics. The study empirically evaluates the ability of human spectators to infer a player’s

intentions for each visual representation. The results of the evaluation show that spectators have

a remarkable ability to infer intent accurately using all nine visualisations, but that visualisations

with certain characteristics were more comprehensible and more readily revealed the player’s

intent. The real-time heatmap visualisation was the most highly preferred by participants and

the most e�ective in revealing intent, due to its ability to balance real-time gaze information

with a persistent summary of recent gaze behaviour. This �nding suggests that visualisations

that show a small window of what a person is looking at work best, as the aggregation gives

the observer time to process the information. Further, the e�ectiveness of the visualisation can

be directly attributed to its style, as the observer can easily observe the areas that have gained

more interest by noticing when the visualisation ‘heats up’. In turn, the observer only requires a

glance to know where the tracked player interests are on the interface, and therefore able to

make inferences on what the players’ intentions might be through the subsequent observations.

In comparison to visualisations that are directly mapped gaze coordinates (e.g. ‘red dot’ visu-

alisation), the observer has to follow the gaze point and observe its behaviour constantly. An

example of a behaviour is when the gaze point starts to ‘hover’ over an area, which is a potential

signal for interest as it represents that the tracked player has looked longer at the area. As

such, the need to constantly follow the gaze point not only consumes the observers time and

attention but requires the observer to cognitively process what the gaze movements and patterns

(�xation-saccade-�xation cycles) may signal, which together can be cognitively demanding.

Study 1 serves three purposes for the other subsequent studies in the thesis. First, the study

serves as an initial investigation to validate our hypothesis that the sustained observation of gaze

behaviour can lead to the recognition of human intentions. Therefore, the primary focus of the

study is �rst to �nd out whether a human subject can perform the task of intention recognition,

given the ability to observe gaze when displayed over the interface. For this reason, we employ

the use of human spectators to simplify the task of intention recognition, focusing on their

ability to interpreting intentions from visual representations of gaze without having to worry

about managing their own strategy. In other words, a more concentrated test of interpretive
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ability before introducing potential live distractions of live gameplay. Moreover, this allowed us

to control for the underlying data, varying only the visualisation displayed to the participant.

Second, Study 1 aims to empirically investigate which visual representation of gaze would best

enable players to perform intention recognition in the subsequent study. As mentioned, our

pilot study revealed that using a ‘red dot’ visualisation suggests that might not be su�cient for

aiding intention recognition. In the subsequent study, Study 2, players will have access to the

gaze of their opponent throughout the game. Hence, it is important to equip the players with the

best possible visualisation to better assist them in recognising the intentions of their opponent,

as they would have to simultaneously manage their own strategy while keeping track of their

opponent’s as well. Further, it is also important for the players to infer intentions accurately as

possible, as it will potentially give them a competitive advantage in the game. The knowledge

of their opponent’s strategic plans will potentially in�uence the decisions made by the player,

especially if the inferred plans encroach on their own.

Third, the full game recordings used to generate the short clips for evaluation the gaze visualisa-

tions in this study resulted in an initial data set, consisting of both eye tracking data (gaze points)

and ground truths (game actions). As shown in Figure 3.7, the data set informs the construction

of our prototype arti�cial agent that incorporates gaze data into its planning. Hence, serving as

an essential building block towards our goal of building a tangible agent artefact in the thesis.

Study 2: E�ect of Gaze Awareness on Human-Human Intention Recognition

The evaluation in Study 1 showed that gaze, displayed as a real-time heatmap visualisation over

the game interface, can improve a human’s capacity to perform intention recognition in a

competitive gameplay setting. In this lab-based study, we shift our focus from using human

spectators to human players to study the e�ect of gaze awareness on intention recognition during

live gameplay, forming sub-research question RQ1.2 that helps us to answer RQ1 fully.

RQ1.2: What are the e�ects of gaze awareness for intention recognition in a com-

petitive gameplay setting?

Gaze awareness, de�ned as ‘knowing what someone is looking at’ [175], has been shown to be

an e�ective predictor of intention [10, 108]. In Study 2, we explore the relationship between gaze
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and intention in a non-collaborative setting in contrast with existing works. In this study, we

evaluate how well players can discern the overall strategic plans of their opponents, given the

ability to see their gaze throughout the game using the real-time heatmap visualisation from the

previous study. The study examines sub-research question RQ1.2 by comparing the results of

three conditions using pairs of players: no gaze visualisation, gaze visualisation of an unaware

player, and gaze visualisation of an aware player. We introduced the last condition to �nd out

how players who are aware that their gaze is tracked will manipulate their gaze to keep their

true intentions hidden. This study focuses on only using asymmetrical scenarios that form our

the conditions tested to answer RQ1.2: (1) when a player is aware of where their opponent is

looking, and (2) when a player gains awareness that their opponent is watching their gaze. The

study extends the �ndings of the previous study in the following ways:

1. By using human players instead of human spectators, where players will make use of an

informed gaze visualisation of their opponent during live gameplay, balancing the tasks of

devising their own strategic plans with making inferences about their opponent.

2. By assessing the ability of human players to interpret and respond to opponents’ gaze

cues throughout a live game, with a particular interest in the ability to make predictions

during the early stages game when little or no in-game actions have been taken.

3. By introducing a deception aspect where one player is aware that their gaze is being

visualised, creating an opportunity for the player to deliberately manipulate their gaze

behaviour to potentially mislead their opponents. Imperfect information add an element of

mystery and uncertainty to a game. Imperfect information also invites treachery, trickery,

and deception, and can be used as a design element in games meant to inspire mistrust

and competition among players [213]. The experimental setup, where players are placed

in separate observation rooms to simulate a remote game, allows us to study this aspect.

The overall results of the study showed that the awareness of gaze could further improve a

player’s capacity to recognise intentions of an opponent when displayed throughout the game,

especially when compared to the baseline condition (i.e. no gaze visualisation) in which the player

can only make inferences based on the opponent’s in-game actions. As the opponent’s gaze is

displayed as soon as the game starts, the player can begin to make early predictions without

having to wait for the opponent to explicit signal parts of their plans through in-game actions
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such as by claiming a route or drawing certain cards. Players that were successful in making

such inferences can potentially adjust their strategic plans accordingly to gain an advantage.

However, despite the increased capacity to perform intention recognition, players overall reported

that they experienced a limited ability to keep track of their opponent’s intentions and therefore

unable to fully utilise the information that was theoretically available to them through the gaze

visualisation. One possible explanation is that the opponent is continually evaluating alternate

plans, and the player needs to determine the likelihood of the intentions as the game goes on. The

player then has to continually make other strategic decisions in response, such as to di�erentiate

the priorities of the opponent from their predicted intentions, determine how the intentions

relate to one another, and how they might a�ect their own strategic plans. Hence, successfully

managing the two plans that are continuously updated in a feedback loop and how they a�ect

one another becomes a challenging task, resulted in no net gain in terms of win rates in the

condition where the ‘aware’ player is given awareness of the ‘unaware’ player’s gaze.

The study elicited similar reports on the distracting nature of using gaze visualisation when

displayed over the interface as with previous studies (e.g. [65, 263]). The level of distraction

experienced may be partly attributed to the visualisation style, either due to its representation

or the fact that its a live visualisation. The choice of the real-time heatmap visualisation was

informed by the previous study, in which it was the most accurately interpreted and second-

most preferred visualisation style among nine formats compared by participants. Then again,

participants in the previous study were spectators of a game rather than active players.

Further, the study also found that the capacity to perform intention recognition through gaze

visualisation can be hampered when the opponent was aware that their gaze was being watched.

Players were successful in devising deception strategies that reduced their opponent’s prediction

accuracy about their plans, but also found degrees of di�culty in maintaining them (in line

with [205]). All of the deception strategies we observed were conceived independently by the

players, without suggestions from the researchers, and the stated inspiration behind many of the

strategies was the player’s own experience of observing the gaze visualisation. Players were

largely successful in converting their own experience into an accurate enough model of their

opponent’s thinking that they could implant a false belief about their strategy, or disrupt the

prediction process in other ways. This �nding demonstrates the application of Theory of Mind,

63



3.4 Structure of Studies Research Design

as the ability to deceive is considered one of its hallmarks [151]. As players describe how they

attempted to deceive their opponents by manipulation their gaze (together with their actions),

the study contributed a novel taxonomy of gaze-based deception strategies (Section 5.2).

PART 2: INTENTION-AWARE MODEL EVALUATION

In the previous part in which we focus on human-human intention recognition, the �ndings

highlight the potential bene�ts of using gaze for improving intention recognition in our chosen

setting. However, the �ndings from Study 2, in particular, indicated that the task of performing

intention recognition using the combination of gaze and in-game actions while keeping track of

the state of the game is cognitively demanding. This demand is further increased as the human

players especially have to balance other tasks simultaneously, such as their own strategy. There-

fore, the intention recognition task may be more suited to an arti�cial agent that theoretically

possess both a higher memory capacity computationally ability to process the rich gaze data.

A collaborative arti�cial agent as a teammate in the game can potentially alleviate a player’s

cognitive workload by performing the task of intention recognition on their behalf, which closely

resonates with Licklider’s complementary and e�ective division of labour prerequisite. The alle-

viated human player would then would only need to focus on forming the right strategy, but

requires the agent to communicate the predictions e�ectively (to be investigated in Part 3).

At the same time, delegating the task to the agent enables the player to move away from the use

of gaze visualisation, and therefore potentially reduce the confusing and distracting nature of its

use while allowing the number of users to be scaled up from current scenarios (limited to two

users). Due to these compelling reasons, the focus in this part is to evaluate whether an arti�cial

agent can �rst improve its capacity to perform intention recognition provided by using gaze as

priors in combination to observable in-game actions.

Study 3: Intention-Aware Gaze-Enabled Arti�cial Agent Evaluation

This study evaluates more broadly whether an arti�cial agent can improve its capacity to perform

intention recognition with the introduction of gaze, regardless of the domain. Hence, the study

compares the performance of base planning model is combined with and without gaze data,

forming the second sub-research question RQ2.
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RQ2: Does gaze awareness improve the capacity of an arti�cial agent to perform

intention recognition?

Study 3 employs the labelled data sets from both previous studies (as shown in Figure 3.8) to

answer sub-research question RQ2. The data set from Study 1 served as a starting point for the

construction of the agent model with promising results. The data set from Study 2 with multiple

conditions allow us to evaluate the agent’s capacity to perform intention recognition thoroughly,

i.e., not only using natural gaze behaviours as priors but its robustness against deceptive gaze

behaviours as well. The two comparative evaluations performed in this study are as follows:

1. First, we compared a model-based approach using only game-state data (Model-Only) to

the same approach enhanced with gaze-based priors (Gaze+Model). The results in Study

2 showed that gaze awareness could improve a human player’s capacity to recognise

intentions when compared to a baseline, where no gaze visualisation was shown. Here,

we make the same comparison to evaluate whether this is the same case for the agent.

2. Second, we compared the intention recognition performance results from the data set

against the performance of the agent to determine if the agent outperforms the human

player in recognising intentions. In Study 2, we found that players that are aware that their

gaze is being watched would manipulate their gaze to hide their intentions, resulting in a

lower intention recognition performance by the observing opponent. Hence, we compared

the performance of the agent for both the natural and deceptive conditions.

As with human players, intention recognition is possible from just inferring from the observable

in-game actions along with the state of the game, but can be improved with gaze information,

especially when no in-game actions have taken place. The arti�cial agent works by using gaze

data to build probability distributions over a set of possible intentions, which are then used as

priors in the model-based intention recognition algorithm. The arti�cial agent optimises two

features of eye movements, which are �xation duration (how long someone looks at an object)

and �xation count (how many times someone looks at an object). Both �xations are re�ective of

the gaze behaviours displayed through the gaze visualisation in Study 2. However, as discussed,

human players are subjected to con�rmation bias when they strongly believe in a prediction.

The �rst comparison showed that although the Model-Only approach was reasonably successful
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at predicting intentions, the model with the addition of gaze as priors resulted in more accurate

predictions, which indicates an improved capacity to recognise intentions and therefore answers

RQ2. Further, the combined approach resulted in more accurate predictions and earlier predic-

tions. From our observations in Study 2, we found that players ignored large areas of the board

(e.g. whole left side) when they could see that their opponent was not looking at it. Based on their

comments, it is apparent that this ability to triage the board on a wide scale was a substantial

part of the competitive bene�t players derived from gaze visualisation, comparable at least to

the more �ne-grained prediction of speci�c routes. Similarly, the arti�cial agent with access to

the gaze reduced its search space by ‘ignoring’ the irrelevant elements, which resulted in no

additional computational execution cost despite the addition of gaze into its planning process.

The second comparison found that the agent outperforms the human players in performing

intention recognition in both the natural and deceptive conditions from the previous study. We

believe this is for two reasons. First, the agent has a sole task of providing the best plans possible

using gaze as priors. Second, the agent can calculate features such a �xation counts and lengths,

essentially �ltering out the ‘noise’ from the natural constantly moving gaze point, which allows

the accurate mapping on the areas of the game where the opponent is interested in. Hence, it is

likely that players, despite displaying deceptive behaviours, their intentions to complete their

goal remain and their respective true intentions are still ‘leaked’ across.

However, we note the current iteration of the agent model, being a prototype, does not perform

well in all cases, especially when intentions are not sustained for long. We evaluate the perfor-

mance of the agent based on the number of top plans it generates, in our case, the top 10 plans.

This consideration is because their top plan might not be one that they are currently contemplat-

ing. The player may have potentially kept their primary goal in their mind while constantly seek

out alternate plans. Nonetheless, the study demonstrates a working ‘intention-aware’ arti�cial

agent with the capability to perform real-time gaze-based intention recognition for the next part.

PART 3: INTENTION-AWARE AGENT DESIGN AND EVALUATION

The previous two parts resulted in a working ‘intention-aware’ arti�cial agent prototype that

can increase its intention recognition capacity when gaze is incorporated into its planning

process. By employing the agent as a collaborator in our chosen scenario, it can potentially
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alleviate the cognitively demanding task of intention recognition away from the human player.

By assigning this task to the agent, it potentially allows the player to better focus on forming

the best strategy possible given the information from the state of the game and the intentions

from other players from the agent. The agent is therefore required to ‘interface’ with the player

through communication protocols in an e�ective manner. Therefore, the third sub-research

question, RQ3, raises a general question on the collaborative design of the agent in terms of

providing support, given its proven and novel ability to perform gaze-based intention recognition:

RQ3: How do we design gaze-based intention recognition systems for supporting

human-agent collaboration?

This research question is examined through two studies, Study 4 and 5. Study 4 focuses on the

communication ability of the agent, which will allow the agent to pass on its inferences to an

assisted-player as a �rst step towards the agent’s communication protocols. Study 5 serves two

purposes for our broader aims of the thesis, to evaluate the experience of the assisted player

interacting with a gaze-enabled intention-aware arti�cial agent during live gameplay and to

further evaluate the agent and language models formed in the studies in the previous studies.

Study 4: Assistive Intention-Aware Agent Language Study

The literature dictates that communication is a crucial aspect of human-agent collaboration,

leading to the development of well-established sub-�elds in arti�cial intelligence, including

natural language processing. This study investigates the communicative capabilities of the

arti�cial agent, exploring how intentions could be communicated given the ability to perform

gaze-based intention recognition to create an awareness of the situation, forming RQ3.1.

RQ3.1: How should an arti�cial agent communicate intentions given the ability to

perform gaze-based intention recognition?

To answer research question RQ3.1, we must �rst consider how an ideal agent would communi-

cate intentions once recognised while taking into consideration the optimum level of support

as di�erent levels of arti�cial agent support can result in changes in cognitive workload, pos-

itively or negatively [43]. Hence, this study is focused on the what, how and when aspects of
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intention communication. At this stage, we have chosen to a support a human collaborator

by communicating the intentions of an opposing player as a �rst step, and not on providing

recommendations as this requires the agent to know the plans of the human collaborator. This

is because providing recommendations requires signi�cant exploration on combining di�erent

mental models, and how best to communicate the intentions of the player to the agent. Hence,

the ability to provide recommendations is currently beyond the scope of this thesis, and we will

leave it for future work (Section 9.4).

Another important consideration is the arti�cial agent’s explanation capability to support the

human collaborator better, an important consideration for trust during collaboration [110, 216].

In real-world interaction, a human collaborator can produce an explanation on their inferences to

a certain degree when asked, which makes it a crucial aspect of communication in collaborative

settings. This capability is evident in the �rst two studies; where participants could verbally

explain their reasoning process about their inferences when prompted. Therefore, we extend

the intention communication model to include explanations to augment the agent-derived

predictions for two primary reasons. First, users would often seek an explanation of its output

when interacting with an agent to improve their own decision making [247]. Second, agents that

provide explanations supports transparency and in turn, may improve trust in the system [100,

161, 174, 192, 249]. In our context, it is especially vital to include explanations as the agent can

produce predictions that may not immediately be obvious to the player.

At the same time, the prototype agent evaluated in Study 3 supports transparency as it adopts a

white-box approach, which allows us to interrogate the data or features to form an explanation

for each prediction communicated. This transparency further allows us to adopt the Situation

Awareness-Based Transparency Model (or SAT Model) [58] as a model to support a user’s

‘situation awareness’. In this model, the agent communicates di�erent types of information

at three levels to support the user. At the lowest level, the agent communicates its own state,

which includes the agent’s intentions. At the middle level, the agent communicates information

regarding its reasoning process, and at the top level, the agent communicates information

regarding potential future states. Using this model, we design the communication at two levels,

at the middle level for enabling explanations and at the top level for communicating predictions.

For an explanation to be e�ective, it must be at the right level of detail [131]. An explanation of

68



3.4 Structure of Studies Research Design

how something works will fail if it presupposes too much and skips over essential information, or

if it provides a level of detail that leads to an increase in cognitive workload, hence decreasing its

e�ectiveness [192]. Aside from the presentation format (how to explain) and the explanation con-

tent (what to explain) [75, 131] of an explanation, it is also important to consider the application

domain and the audience of the explanation [98], hence essential for us to situate our study in our

chosen setting. Therefore, in this study, we use a variation of the Wizard of Oz technique to elicit

how an assistant who can infer intentions using the combination of gaze and in-game actions

would communicate the intentions to a teammate. In a typical Wizard of Oz study, a researcher

secretly plays the role of the computer system while a participant interacts with it [132, 207]. In

our study, participants were asked to play the role of the computer system, and the secret is that

there is no end-user. The bene�t of this is that it allows us to directly collect a large number of

di�erent messages that re�ect how the participants think the computer ‘should’ communicate

in an assistive fashion. The use of human elicitation was inspired by previous gaze-enabled

human-agent interaction studies (e.g. RealTourist [202]). A similar approach has been used in the

context of machine learning to ‘bootstrap’ a dialogue system on human-generated activity [208].

Using this approach, we collected how people communicate inferred intentions of tracked players

and how they subsequently explain their reasoning process behind them. From this analysis,

we formed a preliminary language model for communicating intentions that can be generalised

to other settings at a behavioural level. Besides the knowledge of elements to include in the

communication (i.e. spatial, temporal and quantitative [69]), the study �nds that participants in

their ‘predictor-explainer’ role also portray uncertainty when unsure about their predictions.

To sum up, Study 4 explored whether computers can communicate abstracted information derived

from its ability to perform gaze-based intention recognition. The study determined the linguistic

aspects of communicating inferences based on implicit gaze information and explicit in-game

actions, and subsequently, how predictions can be explained in an assistive manner. This study

further contributes to the rapidly growing �eld of Explainable AI (XAI), where we show that

observable nonverbal behaviours can be adopted as a basis for explaining human intentions.
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Study 5: Assistive Intention-Aware Agent Evaluation

The outcomes of previous studies converge at Study 5, which is the �nal study conducted in

the thesis (illustrated in Figure 3.8). Figure 3.9 shows how the previous studies have addressed,

to some degree, the di�erent human-centred prerequisites presented in the previous chapter

(Section 2.2). With reference to the �gure, Study 1 and 2 helps enforces the importance of using

nonverbal communication (i.e. gaze), with respect to intention recognition in a competitive

gameplay setting. Study 2 and 3 demonstrates that gaze a�ords the ability to represent the

mental states of a human player, in our case, the intentions of an opponent. In Study 2, players

kept track of the intentions by annotating on a map of the game, while in Study 3, we produced a

similar but improved graph where we can observe the likelihood of predictions through the agent

from a planning perspective. In both cases, we can represent the mental state of the opponent. In

Study 4, we address the language mismatch between the human and the agent, by investigating

how humans communicate intentions using natural language, given the ability to predict them.

Study 5 combines and simultaneous evaluates the two models arising from Study 3 and 4 to

form components of an ‘ideal intention-aware agent’, which is the agent model and the language

model, respectively. We designed both models were designed to work in tandem to improve the

agent’s capacity to interact with a human player in our chosen competitive gameplay setting.

Figure 3.9: Relationship between human-centred prerequisites, studies and outcomes.

From Study 2, we acknowledged that humans are limited in their capability to infer and keep

track of intentions, especially with the use of gaze due to its cognitively demanding nature. Gaze
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provides a continuous stream of information about a player’s interest in our scenario that makes

it di�cult to di�erentiate between its behaviours, which contributes to additional cognitive

processing beyond keeping track of what has been looked at. For such reasons, we proposed

that it might be suited to delegate the task of gaze-based intention recognition to the arti�cial

agent, which is one way we can e�ectively divide the labour between the team. Hence, it has

shaped the subsequent studies, particularly with Study 4, where we designed the study to focus

on communicating intentions, in which the agent will eventually adopt. Therefore, with all

the necessary components in place, we start to evaluate the live use of the arti�cial agent for

collaboration in our setting, which brings us to sub-research question RQ3.2 below.

RQ3.2: Does delegating the task of intention recognition to the agent improve the

player’s decision making in a competitive gameplay setting?

To answer this question, Study 5 focuses on the novel collaborative capacities of the intention-

aware arti�cial agent, whereby the agent can provide situation awareness (with the capacity to

explain them), and perform intention recognition on behalf of the human-agent team, which

potentially reduces the cognitive load of the assisted human player. In theory, the increased

situation awareness combined with reduced cognitive load would improve the player’s decision

making, as it would enable the player to focus on forming strategies with an increased awareness

of the situation. This study focuses on the experience of players using an arti�cial agent that can

project future states for e�ective strategy formulation a�orded by the ability to create awareness

through abstracted intention information, instead of the agent’s performance to provide accurate

and timely predictions on intentions. Hence, the study compared to the experience of users of

using the gaze visualisation found in our �rst study as our baseline condition against the use of

the agent, where we provide predictions at two levels, abstract (prediction only) and detailed

(prediction with explanation). By comparing these two approaches, we can further determine

the elements that are missing when we abstract intentions from the rich gaze information.

The �ndings show that the agent can facilitate awareness of another user’s intentions without

adding visual distraction to the interface; however, the cognitive workload was similar across

all three conditions presented, suggesting that the manner in which the agent communicates

its predictions requires further exploration. The predictions provided by the agent early in the
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game allowed the participants to formulate better strategies. However, overall the agent neither

impacted the players’ performance nor decreased the cognitive workload as initially hypothesised.

The game itself might have introduced cognitive workload, which is di�cult to isolate as players

had di�erent abilities and set of goals. However, the overall perceived cognitive workload was

lower in the agent-assisted conditions, most likely due to the reduced distraction (periodical

abstracted information vs. continuous information), but also because there is no constantly

moving gaze overlay. We further acknowledge that irrespective of the mode of communication,

the processing of information generates cognitive workload. Our subjective assessments indicate

that the agent was successful in deriving intentions from gaze and communicating them to the

participants in a way that matched the informativeness of the gaze visualisation.

These results suggest that there is vast potential in using arti�cial agents to take on such roles

when provided with complementary inputs such as gaze. We also note that an agent-assisted

approach can potentially scale well for multiple users in which the agent can determine what

is the most relevant information to communicate, whereas visualising multiple user’s gaze

on the interface which would clutter the interface and potentially cause confusion. Due to

the limitations of our approach concerning representation and context, we have only partially

achieved our design goals for a collaborative intention-aware arti�cial agent. Hence, while textual

representations of intention served as a good starting point for our work, it was insu�cient to

improve the player’s performance (in terms of decision making). We look towards the use of

visual explanation as our future direction, where agents can use multimodal (e.g. pointing, voice)

or multimedia approaches (e.g. annotations, animations) to communicate intentions e�ectively.

Study 5 provides a �rst account of utilising a gaze-aware arti�cial agent in real-time for assistance

in the context of strategic gameplay, which demonstrates the potential for building ubiquitous

intention-aware systems. The �ndings of this study inform the development of agents with

intention recognition capabilities from the perspective of human players. In Chapter 8, we

discuss its design implications in terms of information presentation, level of detail, need for

context awareness, usage of nonverbal signals, and making what the agent “sees” transparent.

In this chapter, we described our overall approach and provided the structure of our studies in

detail. In the following chapters (Chapters 4-8), we present the details of each study, including

the speci�c design and evaluation methods employed and a discussion of the respective �ndings.
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The face is the mirror of the mind, and eyes without speaking

confess the secrets of the heart.

– St. Jerome

4
Study 1: Real-Time Gaze Visualisations for

Human-Human Intention Recognition

73



4.1 Introduction Study 1

4.1 Introduction

This chapter presents Study 1, which was published as a peer-reviewed conference paper:

Joshua Newn, Eduardo Velloso, Fraser Allison, Yomna Abdelrahman, and Frank Vetere. 2017. Evaluating

Real-Time Gaze Representations to Infer Intentions in Competitive Turn-Based Strategy Games. In

Proceedings of the Annual Symposium on Computer-Human Interaction in Play (CHI PLAY ’17). ACM, New

York, NY, USA, 541-552. DOI: https://doi.org/10.1145/3116595.3116624

The paper has been reformatted to the formatting style of the thesis as recommended by The

University of Melbourne’s Thesis with Publication1 guidelines. The paper in its original published

format is found in Appendix A.1.

The focus of this chapter is to evaluate the ability of humans subjects to predict intentions when

shown a visual gaze representation of others, speci�cally, a tracked ‘unaware’ player. As humans

are not accustomed to viewing live gaze visualisations, the chapter further evaluates which

visualisation techniques would work best for improving their capacity to perform intention

recognition, particularly in terms of visual characteristics and perceived usefulness. As described

in Chapter 3, this study forms the �rst part of our human-human intention-recognition studies

that helps us to answer RQ1. Therefore, this study is a necessary prerequisite to inform our

subsequent study in the next chapter (Study 2) in terms of visualisation, where we evaluate the

e�ects of gaze awareness of players in the same setting as shown in Figure 4.1 below.

Figure 4.1: This study (Study 1) �nds that gaze, represented as real-time heatmap visualisation works
well for performing gaze-based intention recognition, which informs Study 2 in terms of visualisation.

1https://gradresearch.unimelb.edu.au/preparing-my-thesis/thesis-with-publication
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From our review of the literature, we found that gaze visualisation is the most common approach

for creating gaze awareness in technology-mediated human-human interaction. A visual overlay

of gaze on a shared interface provides a complementary layer of nonverbal communication,

especially bene�cial in remote settings. Previous studies on gaze visualisation have that suggest

that the visualisation style is highly dependent on the context. Hence, we performed a pilot study

to examine the e�ects of using gaze visualisation in our chosen setting (see Section 4.2).

The pilot study indicates that gaze, represented as a live ‘red dot’ augmented over the digital

version of Ticket to Ride, may not be the most appropriate or e�ective visual representation

for increasing an observer’s capacity to perform gaze-based intention recognition, warranting

further exploration. Finding out which visualisation works best in our setting, especially in terms

of revealing intentions is particularly important for our subsequent study (Study 2). Players will

have access to the gaze of their opponent throughout the game and are required to simultaneously

manage their own strategy while keeping track of their opponent’s as well. Hence, a visualisation

that would allow a player to infer the intentions of their opponent accurately in real-time with

minimal e�ort would potentially give them an overall competitive advantage while playing the

game. The knowledge of their opponent’s strategic plans will potentially in�uence the decisions

made by the player, especially if the inferred plans encroach on their own.

To help answer RQ1, we formed sub-research question RQ1.1 along with further sub-research

questions to evaluate which visual representation of gaze would not only work best for performing

gaze-based intention recognition but which could potentially suit a remote competitive gameplay

setting—where only one player can see the gaze of the other (an unaware asymmetrical setup).

RQ1.1: How do we represent gaze to improve a human’s capacity to perform inten-

tion recognition in a competitive gameplay setting?

RQ1.1.1 How well do human subjects infer intention from a range of visual representations
of gaze in a competitive gameplay setting?

RQ1.1.2 What characteristics of gaze visualisation enable humans to perform better per-
form intention recognition in a competitive gameplay setting?

RQ1.1.3 Do gaze visualisation have an in�uence on predicting intent in a competitive
setting?
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This RQ1.1 is examined through this study, a repeated-measures study that evaluates nine di�erent

visual representations of gaze in our chosen competitive digital game setting, each with di�erent

characteristics (i.e. conspicuousness, visual information). The study empirically evaluates the

ability of human spectators to infer a player’s intentions for each visual representation.

The results of the evaluation using several measures show that human subjects (spectators) have

a remarkable ability to accurately infer intent using all nine visualisations, but that visualisations

with certain characteristics were more comprehensible and more readily revealed the player’s

intent. The real-time heatmap visualisation was the most preferred by participants and the most

e�ective in revealing intentions, due to its ability to balance real-time gaze information with

a persistent summary of recent gaze behaviour. This �nding suggests that visualisations that

show a small window of what a person is looking at work best, as the aggregation gives the

observer time to process the information. Further, the e�ectiveness of the visualisation can be

directly attributed to its style, as the observer can easily observe the areas that have gained

more interest by noticing when the visualisation ‘heats up’. In turn, the observer only requires a

glance to know where the tracked player interests are on the interface, and therefore able to

make inferences on what the players’ intentions might be through the subsequent observations.

Besides informing which visual representation of gaze would work best in our subsequent

study, this study serves as an initial investigation to validate our hypothesis that the sustained

observation of gaze behaviour can lead to the recognition of human intentions. Therefore, a

fundamental element of this study is �rst to �nd out whether a human subject can improve their

capacity to perform intention recognition, given the ability to observe gaze when displayed over

the interface. For this reason, we employ the use of human spectators to simplify the task of

intention recognition, focusing on their ability to interpreting intentions from visual representa-

tions of gaze without having to worry about managing their own strategy. In other words, a

more concentrated test of interpretive ability before introducing potential live distractions of live

gameplay. Moreover, this approach using spectators and recorded games allowed us to control

for the underlying data, varying only the visualisation displayed to the participant.

Before diving into the core section of this chapter, we included the details of the pilot study that

we conducted to inform both Study 1 and 2 in the following section (Section 4.2). The section

also includes the technical details of the gaze visualisation system employed in Study 1, 2 and 5.
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4.2 Pilot Study

This pilot study aims to determine the suitability of Ticket to Ride further for our purposes.

One of the factors for selecting this game is that it has a multiplayer digital version that can

be played on and across a variety of devices (see Section 3.3), which partly contributes to its

widespread play. Parts of this chapter has been published in a peer-reviewed work-in-progress

paper: [189]. The paper included our initial formulation of the research idea, where we proposed

the set of conditions for an initial study to understand the e�ect of gaze awareness on multiplayer.

Figure 4.2: Screenshot of the digital desktop version Ticket to Ride board game.

Figure 4.2 above shows a labelled screenshot of the digital desktop version of Ticket to Ride.

All players in the game see the same map and faced-up cards (Card 1-5) while the rest of the

parts of the game will di�er for each player. By adopting the desktop version instead of the

physical board game, we can employ the use of screen-mounted (remote) eye trackers instead

head-mounted (wearable) eye trackers. The �xed position of screen-mounted eye trackers a�ords

better calibration and therefore allows us a better estimate the gaze of the players, both in terms

of accuracy and precision. Moreover, this setup use makes it is much simpler in terms of display,
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as we can use a 1:1 mapping to overlay gaze between players provided that the screen of both

players have the same display resolution, and in terms of data logging for post-processing.

Figure 4.3 illustrates how the general setup looks like in a two-player game, from the perspective

of each player. As shown in this example, only shared elements between the players are the

map and face-up cards, and that the player on the left can ‘see’ the gaze of the player on the

right, displayed here as a mapped ‘red dot’ over the game interface. Depending on the condition,

the player on the right can either be aware or unaware that the player on the left can see a

visualisation of their gaze. The players will see their own tickets (at the bottom left corner)

and their own train cards in their hand (at the bottom). This means when the opponent’s gaze

hovers over these parts, the player is looking at their own hidden information and not of their

opponent’s. While it is possible to only display gaze in the shared areas of the interface, it would

be interesting to see how players make sense of gaze behaviours through visualisation, such as

comparing between the cards in their hand (or their drawn ticket cards) with the routes and

areas on the map, re�ective of the behaviours exhibited in our feasibility study (see Section 3.3.3).

Figure 4.3: Gaze visualisation example (using a red dot for visualisation).

In a typical co-located gameplay setting, players can make inferences by observing each other
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nonverbal cues, for instance, the direction of another player’s gaze, as shown in our feasibility

study. However, gaze is typically absent in remote multiplayer games. However, by introducing

gaze using eye trackers in such settings, we can not only bring back some of the social aspects

of gaze but can add a playful dimension. For instance, a remote multiplayer setting allows us

to manipulate the awareness of the player in two ways: whether a player is aware of their

opponent’s gaze (gaze awareness) and (2) whether a player knows that their gaze is being tracked

by their opponent (awareness of being tracked or observed). Hence, we formed a set of four

initial conditions to test in this pilot study—by manipulating what the player sees and what the

player knows. These conditions are illustrated in Figure 4.4 below, and explained accordingly.

Figure 4.4: Pilot study conditions. The circles represent a gaze visualisation overlay on the screen.

1. Baseline (No Gaze Shown): This condition serves as a baseline condition, where the gaze

of their opponent is not visible to either player and that both players know this fact.

2. Symmetrically Unaware: Both players can see the gaze of the other player but believe

that they are the only player with this ability/power. In this condition, we are interested

in whether players will be able to discover that the other player can see their gaze, for

example, by changes in their gaze patterns or changes game strategy.

3. Symmetrically Aware: Players can see the gaze of the other player and are aware of

this fact. This condition is analogous to the co-located version, where players can access

the nonverbal cues of others at all times throughout the game and is aware that the other

players can do so.

4. Asymmetrically Unaware: Only one player is aware of their opponent’s gaze and at the

same time, and aware that the other player does not have this ability. In this condition, we

are interested in what happens when the game is tipped in favour of a single player who

can see the gaze point (or visualisation) of an ‘unaware’ opponent.

With reference to Figure 3.7 in the previous chapter, we can imagine how these conditions are

possible interactions between real-world players in a co-located competitive gameplay setting.
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To visualise the gaze of players, we built a custom networked system that can read and overlay

gaze over any application, in our case, the digital desktop version of the Ticket to Ride game.

Figure 4.5 shows the system architecture, which consists of three main components:

(1) the main application (with networking capabilities) that reads and broadcasts the gaze

from the eye tracker,

(2) a transparent window (see-through, click-through) that displays the gaze visualisations,

(3) a settings window to connect the application to another instance over the network, and

to change gaze visualisation and its respective the parameters if needed.

Figure 4.5: Gaze Visualisation System Architecture.

The gaze visualisation system is built using Windows Presentation Foundation (WPF) in C#, and

uses the Tobii Core SDK2 to obtain the data from the eye tracker. The Tobii Controller from

the Tobii Eye Tracking Core Software3 installed on the system runs as a background service,

which allows multiple applications to access the data from the eye tracker concurrently. We

added network capabilities to the system using the OSC communication protocol4 to enable the

application to concurrently receive and stream the gaze data across the network to and from

a connected instance of the application. As shown in Figure 4.5, Player 1’s gaze is streamed

to Player 2’s instance of the system and vice versa. The system allows us to toggle between

the di�erent data streams and modes from the Tobii SDK: gaze data stream (lightly �ltered or

un�ltered) and �xation data stream (slow or sensitive).
2https://developer.tobii.com/consumer-eye-trackers/core-sdk/
3https://gaming.tobii.com/getstarted/
4http://opensoundcontrol.org/introduction-osc
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The transparent window for displaying the gaze visualisations is both see-through and click-

through, which allows the players to play the game without any changes. Further, the transparent

window is capable of displaying the gaze of one or both players simultaneously, meaning that

we can toggle the gaze visualisation of one player to be visualised by themselves or by another

user, or both at the same time. Additionally, in the settings window, we can change the gaze

visualisation on the transparent window (including the parameters), including enabling di�erent

gaze visualisations on the same gaze data stream. For this pilot study, we simply visualise the

lightly �ltered gaze data stream using a ‘red dot’ (30-pixels radius, 1:1 mapping). From Study 2

onwards, we upgraded the model of the eye tracker from Tobii EyeX (30Hz) to Tobii 4C5 (90Hz).

Study Procedure & Aims

We installed the gaze visualisation system, eye trackers and Ticket to Ride on two computers

located in two separate observation room at the Usability Lab at The University of Melbourne

and tested them accordingly (identical setups). We then recruited 8 players (4 pairs) to take

part in our pilot study. Depending on the condition, a player can be the naive player (not aware

that their gaze is being tracked) or the aware player (aware that their gaze is being tracked), as

illustrated in Figure 4.4. Players were also sent the rules of the game upon recruitment.

We placed players in the separate observation rooms along with a co-experimenter when they

arrived. After a short brie�ng, players �rst performed the default calibration procedure of the eye

tracking device and were instructed to play the game’s interactive tutorial until both players were

satis�ed that they understood the rules and mechanics of the game (for up to 10 minutes). For

all pairs, players would then play two subsequent rounds, with the �rst round being a standard

game (baseline condition) to get familiar with playing the game and its rules.

For the second round, the �rst three pairs played tested one of the three non-baseline conditions,

i.e. symmetrically unaware, symmetrically aware, and asymmetrical unaware respectively. The

fourth pair played the asymmetrical unaware condition as we wanted to further test whether

the condition favours the aware player. For both players, we recorded the display using Open

Broadcaster Software (OBS) Studio6 and logged the gaze data for post-processing using our system.
5https://gaming.tobii.com/tobii-eye-tracker-4c/
6https://obsproject.com/download
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As mentioned, this pilot study is aimed at determining the suitability of Ticket to Ride. To

elaborate, we wanted to �nd out the digital version of the game would suit the needs for the

overall work, particularly with Study 1 and 2. To some degree, the study is designed to further

motivate Study 1 in terms of exploring gaze visualisation, as the design of visual representations

in graphical user interfaces is highly dependent on their context of use. Hence, we evaluated a

rudimentary visual representation of gaze itself in which we employed a small red circle or ‘dot’

(30-pixels radius) similar to those used in prior work as a starting point in our research.

In terms of Study 2, the pilot study tests whether players could portray/leak intentions to an

observer through visualisations and at the same time, infer intentions using gaze visualisation.

Further, we wanted to test the overall e�ects of introducing gaze visualisation over a live compet-

itive game, which will help us to re�ne the study conditions and procedure for Study 2. Hence,

upon completion of the study players, we sat both players together and asked them individually

about their gameplay experience. In particular, we wanted asked what they liked/disliked, their

feelings when their gaze was exposed, whether the knowledge of their opponent’s gaze gave

them an advantage and whether they could discern the intentions of their opponent. As we

adopted an open-ended interview approach, participants were also free to express their thoughts

and provide any suggestions and improvements. There was no time limit imposed on the games,

which helped us to initially gauge how much time is needed for each session for Study 2.

Study Findings

From our interviews, we found several reoccurring themes among the players in which they

primarily spoke about their experience with the added gaze visualisation. Gaze visualisation

was the novel factor for 6 out of 8 players7, hence formed the bulk of our preliminary �ndings.

Players noted that the ability to see the gaze of their opponent allowed them to gain insights into

their opponent’s intentions, which gave them the feeling of having ‘an edge’ over their opponent.

These players also noticed that gaze visualisation was much more useful at the early to mid-stages

of the game. At these stages, there was little information present on the board (claimed routes),

and the gaze of their opponent provided some indication of where their opponent was going to

claim. Players also reported a higher level of social presence experienced in line with previous
7Two players were ‘naive’ and were not subjected to gaze visualisation in the asymmetrical unaware condition.
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studies that investigated the e�ect shared gaze visualisation in multiplayer games [147, 168].

However, all players who could see the gaze of their opponent mentioned it was di�cult to follow

and was ‘distracting’ as the gaze point was constantly moving (similar feedback in previous

studies that employed live shared gaze visualisation). The downside of using a visualisation that

is directly mapped to the gaze coordinates (i.e. without any processing), is that the player needs

to constantly follow it to know where the opponent has looked and is currently looking.

Players who could see the gaze of their opponent also reported an increase of perceived mental

workload, as players wanted to track of their opponent’s intentions but same time has to form and

play out their own strategies. This led them to have some con�icts on strategy formulation, as

they had to choose between playing their own strategies and disrupting their opponent’s. In one

extreme case, the player was confused between their own strategy and the opponent’s strategy,

and ended up claiming the wrong routes. This increase in perceived mental workload is further

exacerbated when they are also aware that their opponent was watching their gaze (symmetrically

aware), as simultaneously attempted to manipulate their gaze to keep their intentions hidden.

Moreover, in the symmetrical condition where both players can see the gaze of their opponent,

we observe a level of gaze following. This means that players constantly followed the gaze of each

other, resulting in an undesired feedback loop. This behaviour led to confusion on whether they

were actually tracking their opponent’s natural gaze behaviour and by extension, their intentions

or a re�ection or their own. Therefore, from this pilot study, we concluded that symmetrical

conditions are not suitable for the purposes of our work, particularly for Study 2. With regards

to the asymmetrically unaware condition tested, we believe this setting is a better re�ection in

terms of human-agent collaboration and better aligns to the aims of the thesis. In real-world

settings, an arti�cial agent can potentially ‘see’ the gaze of a human but not vice versa, and that

the human may or may not be aware that their gaze is being tracked depending on the setting.

In our case, players did not notice that their gaze was being tracked and this led to natural gaze

behaviour displayed to the aware player. Lastly, to train an arti�cial agent to make the same

inferences, a good starting point is to obtain a data set with natural gaze behaviours.

In the following section, we present Study 1, in which we evaluated the real-time visual repre-

sentations of gaze for inferring intentions in our setting, motivated by the inadequacies found.
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4.3 Published Paper: EvaluatingReal-TimeGaze Representations
to Infer Intentions in Competitive Turn-Based Strategy Games

Start of Published Paper

Abstract

In this paper, we investigate nine di�erent visual representations of gaze in a competitive digital

game setting. We evaluate the ability of spectators to infer a player’s intentions in the game for

each visual representation. Our results show that spectators have a remarkable ability to infer

intent accurately using all nine visualisations, but that visualisations with certain characteristics

were more comprehensible and more readily revealed the player’s intent. The real-time Heatmap

visualisation was the most highly preferred by participants and the most e�ective in revealing

intent, due to its ability to balance real-time gaze information with a persistent summary of

recent gaze behaviour. Our �ndings show that eye-tracking visualisation can enable playful

interactions in competitive games based on players’ ability to interpret opponents’ attention and

intention through gaze information.

Introduction

Players’ nonverbal signals are an important element in many competitive board and card games.

By monitoring an opponent’s body language, facial expressions and gaze direction, a player can

infer their next moves or call their blu�s. Gaze is a strong signal of a person’s area of attention

and interest [85], and can give away unintended information—what psychology researchers

call ‘nonverbal leakage’ [77]. Gaze is equally important in collaborative settings, as a cue for

collaborators to monitor each other’s attention and coordinate their actions [133]. Despite its

importance in co-located settings, shared gaze awareness is typically absent in remote multiplayer

games. In this paper, we demonstrate an opportunity to bring shared gaze awareness into this

setting by comparing nine di�erent ways of visualising gaze within a digital multiplayer version

of a popular board game—Ticket to Ride8.
8https://www.daysofwonder.com/online/en/t2r/
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Figure 4.6: An opponent’s gaze represented as a real-time heatmap visualisation over the Ticket to
Ride game, showing interest in the east coast of the North America.

The advantages in observing a partner’s gaze in a collaborative task are clear, leading researchers

to build multiple systems where users’ gaze points are streamed over a network to improve

coordination [37]. However, the opportunities for gaze in competitive settings are more nuanced.

Recent studies have explored these possibilities by using visualisations of players’ gaze to open

up novel gameplay experiences and increase social presence [147, 189]. Normally in remote

multiplayer games, a player’s only clues for predicting their opponents’ current and future plans

are the in-game actions they have previously taken; players do not have access to the bodily

cues (such as gaze) that enrich the experience of games played around a table or in a shared

space. When given information about an opponent’s gaze in a networked game, a player can

build hypotheses about what their opponent is thinking through observation of the areas or

game elements that receive the most visual attention. This creates further opportunities for a

player to deliberately manipulate their own gaze behaviour to deceive an opponent about their

plans and goals. This contrast between the tendency for observed gaze to reveal intent and the

ability of a player to use their eye movements deceptively makes shared gaze awareness a rich

resource for game design.

However, studies on shared gaze visualisations for various applications have found that the

introduction of shared gaze awareness can be disruptive, often being referred to as ‘distracting’
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and ‘confusing’ [66, 147]. We hypothesise that this is caused by two primary problems with gaze

visualisation for digital interfaces. First, the way in which gaze has been visually represented

in past works may be inadequate or ill-suited for the task and setting. This is expected, as the

design of visual representations in graphical user interfaces is highly dependent on their context

of use. This problem is exacerbated by an inherent problem with gaze: gaze is ‘always on’, which

makes designing gaze representations di�cult as the technology cannot distinguish between

focused scrutiny and more absent-minded looking.

Second, humans are not accustomed to interpreting visual representations of gaze, as the focal

point of gaze is ‘invisible’ in normal interpersonal interaction. Gaze information can be ‘noisy’

due to the jittery movements and the way the eyes work (�xation-saccade-�xation cycle), and

this is re�ected in the representations. Gaze data is di�cult to interpret and often misunderstood

[66], as even trained professionals in eye-tracking evaluations make use of a range of gaze

visualisations to make sense of the same collected data. Further, as gaze is fast-moving and never

entirely still, any real-time visualisation overlaid on a user interface adds a highly distracting

element that may interfere with the viewer’s own thought process.

To e�ectively use gaze awareness in a game, the designer must understand how the choice of

gaze visualisation will a�ect players’ understanding and enjoyment. Inspired by how players

observe the gaze of one another in tabletop boardgames, we selected a popular board game—

Ticket to Ride—for the purposes of our research. Using recorded clips from eye-tracked gameplay,

we assessed nine gaze representations in three di�erent stages of the game (early, mid, late).

This paper serves as an initial novel groundwork for determining the characteristics of gaze

representations that allow human players to make inferences about other players’ intentions

and into derivation of potential insights into their strategies (goals and plans).

Related Work

In this section, we summarise related works that require a user to interpret gaze representations

of another, which falls into two key areas: research on shared gaze, and works that compare

and interpret the use of gaze representations. We have chosen to exclude works related to eye-

tracking evaluations in which gaze data is interpreted by trained professionals, as our interest is

speci�cally on the ability of non-specialist users to interpret visual gaze representations.
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Shared Gaze

Shared gaze systems are those that give users the ability to see the gaze of a partner, typically

to improve communication and coordination between pairs in collaborative problem-solving

tasks. Here, the eyes are typically not directly visible, and the addition of a gaze visualisation

provides a complementary layer of nonverbal communication. Knowing where someone is

looking can provide rich information, from inference about their intentions to clues about their

current cognitive activity (based on behaviours such as scanning, focused interest in an object,

and repeated comparison of di�erent objects) [231]. With this knowledge, much research in HCI

(Human-Computer Interaction) has used gaze in collaborative settings to foster coordination. For

instance, Stein and Brennan [231] found an improvement in problem-solving task performance

when another person’s gaze was used as a cue. Gaze has been shown to be e�ective in co-located

settings, e.g. when multiple users perform a visual search task on a large display [263]. A common

approach is to present a user’s gaze as a cursor overlaid on the shared visual display space, to

create an awareness of that user’s focus area [59, 231].

Gaze has shown promise when used implicitly with other modalities in remote communication.

Qvarfordt and Zhai applied gaze in a dialogue system, where a remote assistant is able to detect

the interest of a remote user through their gaze patterns while conversing with them (remote user

is unaware that their gaze is being tracked) [202]. Tracking gaze behaviour can serve as a natural

deictic pointer and thus reveal interest in a natural way. Brennan et al. have demonstrated that

shared gaze can be more e�cient than speech for the rapid communication of spatial information

(spatial referencing) [37].

Despite the numerous bene�ts mentioned, gaze as an input su�ers from inherent problems is that

gaze is ‘always on’, related to the ‘Midas Touch’ problem that leads to accidental triggering of

gaze-enabled interface widgets [116]. To combat this, gaze is often paired with another modality,

such as voice interaction; however, this can also lead to confusion when there is a mismatch

between gaze and voice inputs [66]. However, in competitive settings, this ambiguity can work

as a resource for game design, revealing a glimpse into players’ intentions without giving it

away entirely.
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Gaze Representation

How gaze information is represented strongly in�uences gaze interaction [54]. We reviewed two

recent works in HCI that compare and contrast gaze representations to gather design implications

for our study. Zhang et al. evaluate gaze representations for use in co-located collaboration,

where two users share a screen and two gaze points are represented [263]. From a review of

prior works, the authors selected four di�erent gaze visualisation formats for testing—Cursor,

Trajectory, Highlight and Spotlight—of which participants preferred highlight and spotlight. The

authors determined that attaining a balance between visibility and distraction was one of the

biggest challenges when designing and selecting gaze visualisations.

In another work, Li et al. designed and evaluated two gaze representations aimed at improving

the coordination between pairs of users [153]: zoom focus and gaze trail. Both representations

used �xations processed from the gaze stream; the former aimed to show the precise location

of a �xation, while the latter aimed to show the most recent gaze locations. Zoom focus was

found to be cognitively demanding and gaze trail was found to have excessive information. The

authors conclude that when designing gaze representation, one should consider distraction and

visual information.

Games Context and Summary

Gaze is an emerging input in computer games, with a focus on using a player’s own gaze as

a direct control mechanism to enable novel playful experiences [240, 243]. There is growing

interest in implementing gaze as a mechanic for multiplayer games, in both cooperative [168, 197]

and competitive [147, 189] settings. While the use of gaze in cooperative gameplay can directly

leverage the �ndings of ‘shared gaze’ literature (e.g. [197]), competitive gameplay presents a

di�erent design challenge, as players have opposing objectives and are more likely to see di�erent

information on screen. We seek to �nd a gaze representation for use in competitive games that

maintains the game balance, giving neither player a disproportionate edge over their opponent

while not being disruptive to gameplay.

The existing literature makes clear that there is a need to balance visibility, distraction and visual

information. Furthermore, we note that the problem with a majority of gaze representations is that

they are designed to be used in post-processing of gaze data. Therefore, there is a need to design
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and evaluate novel gaze representations, such as that presented by Li et al. [153], to cater for

settings where gaze input is not commonly used. Before we can design novel gaze representations,

we need to understand the intrinsic characteristics of existing representations in relation to the

context of use. In the next section, we present a variety of visual gaze representations that we

have selected for use in our study.

Real-Time Gaze Representations

Figure 4.7: Top: The nine real-time gaze representations selected. L-R: (a) Dot, (b) Cursor, (c) Spot-
light, (d) Fixation, (e) Scanpath, (f) Fixation Trail, (g) Heatmap, (h) Convex Hull and (i) Bee Swarm.
Bottom: How each representation appears over the Ticket to Ride game.

Figure 4.7 shows the nine visual gaze representations which were evaluated in this study. For

each representation, we provide an account of its current applications, its characteristics and

the parameters for our use in the study. Most of the representations are common in existing

in eye-tracking software, such as Tobii Pro Studio9. These representations are primarily used

for gaze data analysis and to replay collected gaze data. We also considered a wide selection of

representations from works that: (1) survey gaze representations (e.g. [31, 163]), (2) evaluate

gaze representations (e.g. [263]) and (3) use gaze for interaction (e.g. [197]). In making our

selection, we required the representations to be clearly distinguishable from one another. The

selection was based on the characteristics conspicuousness and visual information (see Table 4.1).

We chose the term conspicuousness (rather than ‘visibility’) to highlight the degree to which the

representations can be used to display and draw attention, beyond just how well the viewer

is able to see the representation. Visual information refers to the amount of information the

representation provides. This is measured by the amount of aggregated gaze data used to

generate the representation in addition to its overall size. We further sub-categorised the selected
9http://www.tobiipro.com
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representations by their characteristics into three equally-sized subgroups: (1) Point-based, (2)

Trajectory-based and (3) Area of Interest (AOI)-based.

Representation Conspicuousness Visual Information Category

Dot Low High Point
Cursor Low Low Point
Spotlight Low Moderate Point
Fixation High Low Trajectory
Scanpath High Moderate Trajectory
Fixation Trail Moderate Moderate Trajectory
Heatmap Moderate High AOI
Convex Hull Moderate Low AOI
Bee Swarm High High AOI

Table 4.1: Real-time gaze representations in relation to conspicuousness and visual information.

Point-Based Representations

For this category, we �rst selected two types of gaze representations previously examined by

Zhang et al. [263]: cursor and spotlight. We then added the commonly-used dot representation

as a contrast to the �rst two in terms of precision and visual information. The point-based

representations are mapped directly to the real-time gaze coordinates from the eye tracker. To

reduce the jittery motions that naturally arise from eye movements, we applied a weighted

moving average �lter [226] on top of the eye tracker’s already lightly �ltered data to smooth

out the motion. This gave all three representations a hovering e�ect when a user’s eyes moved

across the screen and reduced distracting jitter during gaze �xations.

Dot: This representation appears as a translucent red dot, akin to a laser pointer beam or, at

larger sizes, a torch beam (Figure 4.7a). It has commonly been adopted for use in gaze-based

interaction as a deictic pointer and has been demonstrated to be an e�ective referential pointer

to facilitate coordination in remote collaboration [11]. This representation allows a viewer to

see gaze with high precision but can be potentially distracting. Our implementation used a 0.5

opacity with a radius of 30-px.

Cursor: This representation is a large ring with a transparent centre (Figure 4.7b). Its use has

been demonstrated by Zhang et al. [263] and in GazeArchers [197], a game in which two players

use gaze and touch simultaneously on a shared surface. Further, Tobii divisions has implemented
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a similar representation in many of their recent products (Tobii Gaming10 Gaze Trace, Tobii Pro

Gaze Share11). Tobii Pro also uses this representation for their wearable eye tracker controller to

view the gaze of a user in the real world in real-time. This representation is equivalent to the

size of the foveal vision which is about the size of a thumb at arm’s length, making explicit the

con�dence range of the gaze estimation. We matched the size of this representation to default

size of Tobii’s Gaze Trace (150-pixel radius) and coloured the outline in grey to give this a low

visibility. This representation provides more visual information than the previous representation

(Dot) as it allows users to see what is enclosed in the ring as opposed to a speci�c point.

Spotlight: Figure 4.7c depicts this representation where the gaze point is shown as a red circle

with high opacity in the centre and decreasing opacity towards the edges. This was the most

widely preferred representation in Zhang et al.’s evaluation [263]. It was noted to be more subtle

and less distracting due to the reduced overall visibility and conspicuousness. We modi�ed the

parameters to suit our study, reducing its overall size to a radius of 90 pixels (30 pixels at the

highest opacity) and changing the colour to red, as white blended into the light background of

the map area of the Ticket to Ride game board.

Trajectory-Based Representations

The representations in this category use the sensitive �xation stream provided by the eye tracker’s

SDK to reveal the sequence of points at which the player has recently looked, leaving behind

a short history of the player’s gaze. We initially drew from professional eye tracking usability

studies that use animated representations to replay gaze data. In our review, we found similar

representations being used in eye tracking research. For example, Qvarfordt and Zhai use a

scanpath representation to infer dynamic eye movements in their study [202]. We also found

proposed representations aimed to enhance remote collaboration, demonstrating the importance

of assessing representations that fall into this category [153]. A red �ll is used for representations

in this category, with each �xation presented as a translucent ellipse.

Fixation: This representation aims to illustrate points of focus by displaying a single, unmoving

�xation point as a red dot (Figure 4.7d). When a player maintains their �xation, the dot remains
10https://www.tobiigaming.com
11https://tobiicloud.com/share/
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small in size. If the distance to the next �xation is within a threshold, the dot becomes larger. In

real-time, this representation gives the appearance of small eruptions occurring on the interface

that indicates whether a player is sustaining attention in an area (large dots) or �icking around

between multiple areas (small dots). This representation was inspired by the ‘Live Viewer’ feature

in the Tobii software, which Higuch et al. implemented for use in a remote collaborative scenario

[104]. Our adaptation removes the elements of direction (tail, fade) used in other implementations

to potentially reduce the mental load. Therefore, participants see a single point that appears

then disappears instead of following a point.

Scanpath: The scanpath representation shows the length, duration and direction of gaze by

using a sequence of �xations connected by a line (Figure 4.7e). Variation of this representation

has long been used to visualise gaze patterns in both psychology, eye tracking usability studies

and in HCI. This representation has been used unidirectionally such as in Qvarfordt and Zhai’s

study to show the interest of a remote unaware user, or bi-directionally such as in Jermann

and Nussli to improve communication in a remote pair-programming scenario [119, 202]. We

implemented this representation based on Goldberg and Helfman [92]. Many approaches have

been presented to overcome the problem of visual clutter such as by bundling close �xations

into a single point. Another approach is to use time duration such as in previous works (e.g. 5

seconds [250]. Instead, we opted to limit the number of �xation bundles displayed to 5, reduce

the visibility of the lines connected the �xation bundle and removed other elements such the

numbering of each �xation bundle to reduce visual information.

Fixation Trail: This representation was originally proposed by Li et al. to illustrate gaze paths as

opposed to a single �xation point [153]. In our study, we renamed this representation to Fixation

Trail (originally Gaze Trail) as it uses �xation data and leaves a trail of �xations (see Figure

4.7f). Li et al. believe that the availability of prolonged gaze information allowed participants

to make references to multiple locations (e.g. contrasting two di�erent �xation clusters). This

representation is di�erent to Scanpath in that we �xed the size of the �xation to a 30-px radius.

Only 5 �xation points remain fully visible while the remainder fades over time.
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AOI-Based Representations

In this category, we selected gaze representations that allow an observer to view the Areas of

Interest (AOI) at which the user has looked as a whole rather than a speci�c point. Representations

in this category use �xations aggregated over time. We can control how much visual information

is displayed by adjusting its time window. Our implementation uses 120 �xation points (2̃

seconds) so as not occlude the screen (increase visibility, reduce visual information). We selected

three representations with varying levels of visual information based on their popularity in eye

tracking research.

Heatmap: Heatmaps represent the distribution of gaze points by a colour gradient (Figure

4.7g). We included this representation as it has commonly been used to visualise data in many

domains and is not limited to eye tracking. In eye tracking usability studies it is also used for

aggregating the gaze data from multiple participants. While the representation requires the

aggregate participant data, it is possible to display a dynamic heatmap of a single tracked user

[73]. Our implementation calculates the density of �xations within a 2-second window and

displays the heatmap accordingly. The window size in our implementation attempts to balance

visual information, allowing several ‘hot spots’ to be shown but do not remain for too long that

it starts to occlude the interface.

Convex Hull: This representation is also known as Cluster (Tobii Pro) which display areas with

a high concentration of gaze points as polygons to shows areas of interest (Figure 4.7h). Our

implementation uses the �xation data stream in which we use to render a convex hull polygon

in real-time using a clustering algorithm. As the stream continuously updates the convex hull,

this creates a shifting polygon that shows the area in which the area is interested in. When the

player looks rapidly between two points, the polygon stretches towards the points, but when

the focus on a small area is high, the representation becomes small. This representation aims to

provide minimal visual information of the area in which the participant has shown interest in.

Bee Swarm: Bee Swarm has been typically used to replay gaze points of several subjects against

dynamic content such as videos, allowing e�cient comparison of recordings from several subjects.

Our variation aims to emulate this representation for use with a single user by displaying all

�xation points in the last 2 seconds in which we enclose in a convex hull (Figure 4.7i). Each point

was 5 pixels in radius with a red translucent �ll. This visualisation allows the player not only
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to see where the area in which the opponent was looking but the also points within that area.

When the user focuses in a particular area, the points will become denser in the area, revealing

an interest in the area. This representation has the highest amount of visual information as it

combines characteristics from both AOI- and point-based representations.

Research Design

In this study, we aim to understand the following research questions derived from our review of

the literature:

[RQ1] How well are human subjects able to infer intent from a range of gaze representations?

[RQ2] What characteristics of gaze representations enable humans to perform better in

predicting intentions?

[RQ3] Do gaze representations have an in�uence on predicting intent in a competitive game-

play setting?

To answer these questions, we adopted a spectator (‘third person’) approach. This means that

participants other than the players watched clips of gameplay sessions after the fact, with di�erent

clips featuring di�erent gaze representations. We chose to make our participants spectators

rather than active players in order to simplify the task they were asked to perform, as they could

focus on interpreting the gaze data without worrying about managing their own strategy. This

decision was informed by the common �nding in prior works that live gaze data can be highly

distracting from a task at hand [153, 189, 263]. As this was the �rst study to assess people’s

ability to infer intent from gaze data of a remote opponent in a game setting, we decided to begin

with a more concentrated test of interpretive ability, before introducing the distractions of live

gameplay in a future study.

We recorded our data in two stages. In the �rst, we recruited 8 players to record 4 games of

our selected game—Ticket to Ride (described below) in which one player’s gaze was shared. In

the second, a separate group of 27 participants watched short selected clips (< 1 minute) of

the recorded gameplay from the perspective of the player who could see the real-time gaze

representations. These participants provided an assessment of each clip, which we used in our

analysis. A secondary bene�t of this two-stage approach was that we were able to conduct a
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larger number of gaze visualisation assessments in a shorter period of time than would have

been possible if all participants had had to actively complete multiple games. This enabled a

larger sample size for this foundational work, which we will build on in future studies involving

active players.

Application

We developed a custom networked system that overlays real-time gaze visualisations over any

application (see through, click through). We used this application to stream gaze data between

two laptops, each equipped with a Tobii EyeX eye tracker, in di�erent rooms. We streamed two

types of gaze data concurrently from the SDK: the lightly �ltered gaze data and the sensitive

�xation data. Our application is capable of displaying the gaze of one or both users simultaneously,

meaning that we have the ability to switch on the gaze of one user to be visualised by themselves

or by another user. Moreover, we can easily switch the gaze between representations through a

control window on an extended screen.

Game and Stages

In Ticket to Ride, each player competes to claim train routes between cities across a map of North

America, seeking to connect certain pairs of cities (‘tickets’) in a continuous path of linked routes.

Only one player can claim each route, and players do not know which cities their opponent is

seeking to connect. Therefore, players must place their routes carefully, staying alert to the risk

that their opponent will claim a route before them and block the most convenient path between

their goal cities. Keeping information hidden plays a large role in Ticket to Ride, as a player can

gain signi�cant advantages over their opponents by correctly guessing which routes they are

planning to take. Hence, Ticket to Ride works as an excellent use case for our study for several

reasons. First, it is a widely-played board game, already familiar to many, with a digital game

version that is almost identical to the board game; and because it has relatively simple rules

involving clear goals and actions, which can be learned in under 15 minutes by interested players

who have not played it previously. Second, as a tabletop game, it demands constant attention,

requiring regular thought processing and frequent changes to short- and long-term strategies.

This a�ords us to obtain a range of behaviours to display. Third, Lankes et al. have determined
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that turn-based games are better-suited to gaze transfer applications (as opposed to real-time

�rst person shooters) [147]. This is because such games give players the opportunity to alternate

between playing their own moves and watching their opponents’ behaviour as they take their

turn. Fourth, it is a map-based game, in which the players’ focus and strategic calculations are

closely concentrated on the geography of the map; gaze awareness and eye movement studies

with map-based applications have been shown to be highly successful, as the static map gives

users a point of reference [135, 202, 263].

As a playthrough of Ticket to Ride progresses, the map becomes increasingly populated with

trains, and the strategic information available to the players becomes consequently richer while

their choices of unclaimed routes become more constrained. Each player starts with a stock of

45 trains, and the game ends when any player’s stock of unplaced trains falls below three. We

use this train stock as a metric for game progression to divide the recorded games into three

stages: early (45-31 trains), middle (31-16 trains), late (15-0 trains). The early stage is typically

given over to planning, and placing trains are minimised as players try not to give away their

goals. The middle stage sees greater competition for routes, and is where players often �nd

themselves clashing over the most e�cient paths between their respective goal cities. The late

stage involves players either slotting in the last remaining routes that they need, seeking to block

their opponent, or looking for other routes they can pick up extra points. We include an even

selection of representations of each stage in our study, as we hypothesised that the usefulness

and relevance of gaze visualisations might change as the game progresses.

Gaze Visualisation Recording

We recruited 8 players (4 pairs) to record the necessary gameplay clips between a naive player

(whose gaze was being recorded) and an aware player (for whom their opponent’s gaze was

visualised). Both players were placed in separate rooms with an experimenter and given the

opportunity to play the in-game tutorial for up to 10 minutes to understand the rules and

mechanics of the game. Once the naive player was con�dent with the game, they were asked

to perform the default calibration provided by the eye tracker. The naive player does not know

that they are being watched to record and observe ‘natural gaze’. Meanwhile, the aware player

was briefed that di�erent gaze visualisations would be shown to them and that their opponent
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was not aware that their gaze was being shown. Each pair played three games, and the gaze

representation was changed at every stage of the game. We recorded the displays using Open

Broadcaster Software (OBS) Studio12 and logged the gaze data with our custom application.

Following the recordings, we reviewed the videos and noted instances in which the naive player

exhibited various behaviours, such as planning, checking game counters or tickets, and looking

for routes to claim on the map. From the videos, we selected three short clips for each of the

nine gaze visualisation formats: one in early game, one in middle game and one in late game.

This gave us a total of 27 clips, exhibiting a variety of behaviours, and balanced between stages

to control for the in�uence of game stage. Moreover, as di�erent visualisations were used in

di�erent stages of di�erent games, we are able to randomise the clips further. The length of

the clips ranged between 20 and 60 seconds. All clips were saved without audio, to remove any

potential sound clues such as the recorded player speaking aloud about their opponents’ plans.

As expected, the aware players experienced a level of distraction causing them to be drawn away

from their own strategy and that some visualisations were preferred over others. However, we

disregarded the feedback to avoid any early speculations.

Study

For the second stage of our study, we recruited 27 participants from the University of Melbourne.

There were 11 male and 16 female participants, aged 18 to 44 years (mean=25.6), and included

undergraduate students, graduate students and non-faculty sta�. Only two had previously played

the board game version of Ticket to Ride, but 17 indicated they had played a game of the same

type in the past week. Participants were compensated with a $5 co�ee voucher for their time.

We encouraged participants to watch a short video13 that describes the rules and objectives as

part of the recruitment process.

Procedure

Upon arrival, participants were greeted and seated comfortably in a lounge room setting, facing

a 48-inch (1080p) television display connected to a PC as depicted in Figure 4.8. They completed
12https://obsproject.com/download
13https://www.youtube.com/watch?v=uDODCHcj6Sg
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Figure 4.8: Participant assessing a clip in a lounge room setting.

a consent form and a simple demographic questionnaire and were briefed on the rules of Ticket

to Ride. The facilitator showed them an example clip of gameplay footage and with it, explained

how they should assess each clip on a paper survey, with the measures outlined under ‘Measures

and Analysis’. Here, the facilitator ensured that the participants understood the rules of the

game and what was required of them before starting the study. Each session ran between 30

to 60 minutes. We employed a repeated-measures design: each participant was shown all 27 (3

stages× 9 visualisations) clips, each of which was considered one study ‘condition’, representing

one gaze visualisation format and one game stage. Participants were divided into three sets (A, B

and C), and the order of the clips was randomised for each set.

Participants were given a maximum of 10 seconds to analyse the game and board state before

the clip was played. In almost all cases, participants indicated that this was enough time for

them to understand the game state, either with a verbal acknowledgement or a non-verbal

indication such as a nod of the head. This time limit was imposed to prevent the participant

from basing their inferences too heavily on reasoning about the layout of the game board,

rather than the visualisations of the gaze data, and in order to more closely approximate a live

gameplay setting in which the gaze information would be processed and responded to quickly.

The facilitator encouraged participants to think aloud about what they were seeing, and to ask for

any clari�cations about the game if required. After the participant had viewed and assessed all

27 clips, they were �nally asked to rank the nine gaze visualisation formats from most preferred
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to least preferred. In summary, we collected a total of 27 participants × 9 visualisations × 3

stages = 729 responses for each of our dependent measures.

Measures and Analysis

In response to each clip, participants were asked to record the following �ve pieces of information:

(1) Area of Interest Estimation, using a map of the game board they circled the area (or multiple

areas) in which they believed the gaze-tracked player had been interested. (2) Route Prediction,

on the same map they highlighted any speci�c routes that they thought the gaze-tracked player

was planning to build upon. They were also encouraged to write a short interpretation of what

the gaze-tracked player was thinking during the clip or to explain their interpretation of the gaze

behaviour out. (3) They rated how informative they found the gaze visualisation in the clip on a

7-point scale ranging from Not informative at all to Extremely informative. (4) They rated how

well they felt they could predict the gaze-tracked player’s intentions in the clip on a 10-point

rating scale. Participants were permitted to skip any of these questions when they felt unable to

give a response, for example, if they could not predict any routes upon which the gaze-tracked

player was considering to build. Finally, we collected (5) Qualitative Responses at the end of the

session, participants were asked to rank the representations in order of preference and explain

the reasoning behind their choices.

Area of Interest Estimation and Route Prediction

To determine how closely each participant guessed the area of interest of the naive player, we

compared the intersection of each response against the ground truth for the respective condition.

Participants recorded their responses by circling the corresponding area in the map. To be able

to analyse this data digitally, we scanned the highlighted pages and extracted the contours of the

highlights using a custom-built OpenCV computer vision application. To establish a ground truth,

we generated 2D density maps from the gaze data in each clip using the R statistical package.

We then re�ned the AOIs against the manual analysis of the clips, discarding outliers that did

not correspond to the routes the player eventually built. We then compared the intersection of

the two regions, computing the precision (area of intersection divided by the total area circled

by the participant) and the recall (area of the intersection divided by the area of the ground truth

contour) of the participant’s estimate (see Figure 4.9, top path).
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Figure 4.9: Method for analysis for Area of Interest (AOI) Estimation and Route Prediction.

Similarly to the analysis of the AOI Estimation, we scanned the highlighted maps and extracted

the highlighted routes using our OpenCV application (see Figure 4.9, bottom path). We es-

tablished the ground truth by recording the routes that the player eventually built after the

clip. We also recorded routes that the player was considering to build but never did. We in-

ferred such routes based on evidence from their hidden goal cards, subsequent game actions,

and in-game comments. As with the AOI Estimation, we operationalise their performance

primarily based on precision and recall, but also considered their harmonic mean i.e. F-Score

(F = 2× (precision× recall)/(precision + recall)). The details of these performance metrics

are explained by Rijsbergen [209].

Quantitative and Qualitative Responses

For our third and fourth measure, we will use descriptive statistics to analyse how informative

as well as the predictability of the gaze representation. To gain richer insights beyond the

quantitative performance data, we collected subjective perceptions in three ways. First, we

transcribed all verbal comments as they thought out loud when watching the clips. Second, in

the questionnaires for the clips, participants answered an open-ended question that asked them

to predict what the player was thinking. Third, we transcribed the interview about their order

of preference at the end of the study. We were particularly interested in comments beyond the

areas of interest and routes, including potential strategies, such as building a route to block the

opponent, planning a route, verifying whether they have enough resources to build a certain

route.
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Results

We report the results of the nine visualisations at each of the three game stages and their

overalls. Five primary metrics are reported: the percentage overlap of the AOI indicated by the

participant against the AOI detected by the software; the performance between routes predicted

by the participant and routes plausibly considered by the naive player; participant ratings of the

visualisations’ informativeness; participant self-assessments of how well they can predict what

the naive player is planning to do; and participant rankings of gaze visualisation preference.

Lastly, we compared the scores from their performance in our �rst two metrics against the last

three.

Area of Interest Estimation

Representation Early Mid Late Overall

Heatmap 0.44 (0.78) 0.68 (0.63) 0.73 (0.75) 0.62 (0.72)
Fixation Trail 0.48 (0.41) 0.66 (0.72) 0.48 (0.75) 0.54 (0.62)
Dot 0.59 (0.49) 0.37 (0.55) 0.67 (0.36) 0.54 (0.47)
Cursor 0.46 (0.73) 0.68 (0.68) 0.44 (0.28) 0.53 (0.56)
Fixation 0.63 (0.72) 0.51 (0.87) 0.41 (0.80) 0.52 (0.80)
Scanpath 0.40(0.65) 0.50(0.79) 0.65 (0.70) 0.52 (0.71)
Bee Swarm 0.59(0.58) 0.36 (0.63) 0.43 (0.72) 0.46 (0.64)
Convex Hull 0.40(0.62) (0.17 (0.44) 0.23 (0.44) 0.27 (0.50)
Spotlight 0.24 (0.37) 0.25 (0.43) 0.28 (0.65) 0.26 (0.48)

Table 4.2: AOI Estimation Results. Precision (Recall).

Table 4.2 shows the precision and recall for each representation, ordered by precision. The

order of the performance of the visualisations in terms of precision were the Heatmap (0.62),

followed by the Fixation Trail (0.54), and �nally the Dot (0.54). This means that these are the

best representations for selecting areas of interest within the ground truth. In terms of recall,

the Fixation (0.80) was the best performing, followed by the Heatmap (0.72) and the Scanpath

(0.71). This indicates that these were the representations in which the selected area captured a

larger area within the area of interest. If we combine both metrics using the F-Score, we �nd that

the overall best representation was the Heatmap (0.66), followed by the Fixation (0.63) and the

Scanpath (0.63). To test whether the stage of the game had an e�ect on the precision and recall,

we conducted a repeated-measures ANOVA for each representation. Except for Spotlight, we
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found that the stage had a signi�cant e�ect on the stage on the precision and recall. Precision

signi�cantly increased in the Heatmap and Fixation Trail as the game progressed, and decreased

in the remaining conditions.

Route Prediction

Representation Early Mid Late Overall

Bee Swarm 0.70 (0.37) 0.67 (0.43) 0.43 (0.28) 0.60 (0.36)
Cursor 0.69 (0.85) 0.54 (0.37) 0.53 (0.19) 0.59 (0.47)
Heatmap 0.57 (0.31) 0.63 (0.29) 0.50(0.63) 0.57 (0.41)
Scanpath 0.40 (0.46) 0.45 (0.26) 0.63 (0.25) 0.50 (0.32)
Spotlight 0.50 (0.22) 0.49 (0.26) 0.25 (0.14) 0.41 (0.20)
Fixation Trail 0.44 (0.14) 0.50 (0.17) 0.26 (0.26) 0.40 (0.19)
Dot 0.59 (0.37) 0.37 (0.14) (0.10(.04) 0.35 (0.18)
Fixation 0.37 (0.44) 0.26 (0.14) 0.27 (0.21) 0.30 (0.26)
Convex Hull 0.25 (0.11) 0.27 (0.10) 0.74 (0.02) 0.20 (0.08)

Table 4.3: Route Prediction Results. Precision (Recall).

Table 4.3 shows the computed precision and recall results for each visualisation ordered by

precision. The best performing visualisations when it comes to route prediction in terms of F-Score

are Cursor (0.52), Heatmap (0.48), and Bee Swarm (0.45). Convex Hull was ranked signi�cantly

lower in both precision and recall (0.20 and .08 respectively) and this was primarily from the

late stage precision score (.02). The other low score noted, also in the late stage, is the Dot

representation recall score (.04). We tested the e�ects of the gameplay stage on both precision

and recall for each representation using repeated-measures ANOVA. For precision, only the

Scanpath representation showed signi�cance (p = 0.014) in which a Bonferroni post hoc test

showed a signi�cant di�erence between the mid and late stage (p = 0.0069). Here, we note that

the Scanpath representation is the only representation to have increase in precision from the

mid stage (M = 45.5) to the late stage (M = 63.4). A majority of representations, 6 out of 9 (Bee

Swarm, Heatmap, Spotlight, Fixation Trail, Scanpath and Convex Hull), remained precise for the

early and mid stages but signi�cantly becomes less precise in the late stage. Both Fixation and

Cursor precision dropped signi�cantly from early (M = 37.3, M = 69.1) to mid game (M = 27.2, M =

54.0) but remained consistent in the late game. The precision of the Dot representation dropped

linearly from early to late stage. There was no signi�cant e�ect on recall on the gameplay stages.

102



4.3 Published Paper Study 1

Ratings of Informativeness

Representation Early Mid Late Overall

Spotlight 5.1 (1.0) 5.1 (1.1) 4.8 (1.0) 5.0 (1.0)
Heatmap 4.8 (1.0) 5.0 (0.8) 4.9 (1.0) 4.9 (0.9)
Cursor 4.9 (1.3) 4.8 (1.4) 4.6 (1.3) 4.8 (1.3)
Dot 5.1 (1.6) 4.8 (1.1) 4.1 (1.7) 4.7 (1.5)
Fixation 4.7 (1.0) 4.5 (1.2) 4.6 (1.1) 4.6 (1.1)
Scanpath 4.7 (1.0) 4.5 (1.2) 4.8 (1.0) 4.6 (1.1)
Bee Swarm 4.6 (1.1) 4.6 (1.3) 4.4 (1.4) 4.5 (1.3)
Fixation Trail 4.4 (1.2) 4.7 (1.0) 4.3 (1.0) 4.5 (1.1)
Convex Hull 3.2 (1.2) 3.6 (1.4) 3.0 (1.5) 3.3 (1.4)

Table 4.4: Ratings of Informativeness Results 1 Not Informative at all - 7 Extremely Informative). Score
(Standard Deviation)

The responses follows a normal distribution (Pearson chi-square normality test, p < 0.05), in which

calculated the mean scores and standard deviation for each visualisation for each stage, and

overalls (see Table 4.4). We test the e�ects of stage on their rating on informativeness using

repeated-measures ANOVA and found a signi�cance in the mid and late stage (p = 0.0247 ). We

tabulated the results and ranked them by overall rating accordingly. We found that Spotlight

(5.0), Heatmap (4.9) and Cursor (4.8) received the highest rating while Convex Hull was rated

signi�cantly lower (3.3). Heatmap had the lowest deviation (0.9) among the visualisations

showing an agreement among participants on its informativeness.

Self-Assessment of Predictive Ability

Representation Early Mid Late Overall

Heatmap 6.3 (2.0) 6.7 (1.9) 7.1 (1.7) 6.7 (1.9)
Cursor 7.0 (1.7) 6.1 (2.0) 6.6 (2.0) 6.6 (1.9)
Scanpath 6.0 (1.5) 6.0 (2.2) 6.6 (1.6) 6.2 (1.8)
Fixation 6.9 (1.7) 5.4 (2.1) 6.3 (1.5) 6.2 (1.9)
Spotlight 6.2 (1.7) 6.5 (1.5) 5.6 (1.9) 6.1 (1.8)
Bee Swarm 5.9 (2.1) 6.2 (2.0) 5.8 (2.3) 6.0 (2.1)
Fixation Trail 6.1 (1.7) 6.2 (1.5) 5.6 (2.2) 6.0 (2.0)
Dot 6.9 (2.3) 5.7 (1.8) 3.8 (2.0) 5.5 (2.4)
Convex Hull 4.0 (1.8) 4.7 (2.0) 3.9 (2.1) 4.2 (2.0)

Table 4.5: Predictive Ability Results. Score (Standard Deviation)

We ran the same statistical tests used in the previous measure and found that the responses also
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follows a normal distribution. We calculated the mean scores and standard deviation of each

visualisation for each stage and overalls, and ranked them by overall rating (see Table 4.5). We

proceeded to test the e�ects of stage on the responses using repeated-measures ANOVA and

found signi�cance in the early and late stage (p = 0.331). The results shows that Heatmap (6.7),

Cursor (6.6) and Scanpath (6.2) received the highest rating while Dot (5.5) and Convex Hull (4.2)

was rated signi�cantly lower than the others.

Preference Rankings

Figure 4.10 shows the ranking data for each representation by all participants, showing that

the Convex Hull was ranked the lowest (M = 2.0) while Heatmap was the highest ranked (M

= 6.7 ). Cursor and Scanpath also was ranked highly. We further analysed the ranked data us-

ing the Friedman test in which we found a signi�cance (p < 0.05). The post hoc test showed

that Convex Hull representation was ranked signi�cantly lower than all other representations.

We ran the Friedman test once again but this time removing the Convex Hull representation

from the test. We found that there were no signi�cance di�erences between the other rest (p

= 0.07547 ). We proceeded to analyse the interviews to gain further insights into these preferences.

Figure 4.10: Boxplot of Preference Ratings given for each visualisation. (BS) Bee Swarm, (C) Circle,
(CH) Convex Hull, (D) Dot, (F) Fixation, (FT) Fixation Trail, (HM) Heatmap, (SL) Spotlight and (SP)
Scanpath.

We received many positive insights into why Heatmap was ranked the highest and preferred

by a majority of participants. Participants that gave the Heatmap a high score mentioned its
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‘persistence’ i.e. the visualisation gave them a moment to make an inference before it fades away

(e.g. “I like that it stayed on the screen for awhile” [P3]). A small number of participants (e.g. P7)

noted that they were familiar with the visualisation having seen or used them in other domains,

noting its inherent usefulness. When participants were asked why they preferred Heatmap over

the others, a majority they mentioned that they had di�culty following them. Two contributing

factors for this were (1) speed (“too quick” [P16], “moved too much and too quickly” [P11]) and (2)

lack of conspicuousness (e.g. “more subtle ones are harder to keep track of” [P19], “it was hard to

see” [P25]). Some participants mentioned that the Scanpath visualisation blended into the game

making it hard to di�erentiate (e.g. P20) while others found it useful (e.g. “I like it because it gives

you a track.” [P11]).

Conversely, some participants did rate visualisation that falls under point-based category highly.

Participant 22 provided his explanation, stating that he preferred the point-based representations

as he was able to process the visual information quickly and described trajectory- or AOI-based

representations as “a lot going on”. Participants often compared Convex Hull and Bee Swarm and

found that the ‘red dots’ made it better (e.g. P17). Bee Swarm’s ability to have persistence yet

show movement at the same time it is probably a reason why it scored well in the route prediction

measure. Overall, participants provided rich feedback, noting that AOI-based representations

were good for predicting overall strategy while point-based representations appear to be better

moment-to-moment attention.

Discussion

Our study explored the characteristics of nine visual representations of gaze to determine which

was most e�ective at conveying intent to an observer by exploring relationship between the

characteristics of representations and human ability to infer intent from them. This section

discusses the results from the �ve metrics as well as the post study interviews.

Representation Performance and Preference

Once again Convex Hull was largely indecipherable to participants, with the lowest scores for

route prediction and close to the lowest scores for AOI estimation. However, the other AOI-based

visualisations, Bee Swarm and Heatmap, had among the best results for route prediction. Unlike
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Convex Hull, these visualisations can clearly display both the broad area of sustained interest

and the focal point of the player’s moment-to-moment attention. The Heatmap shows multiple

hot spots and recent zones in which the player has looked. Interestingly, Bee Swarm performed

well for route prediction but relatively poorly in AOI estimation measure. Our version of the

Bee Swarm is encompassed by a convex hull display, which allows viewers to see at a glance

the general region of the player’s gaze while their more exact moment-to-moment attention is

captured by a large number of rapidly-propagating red dots. We believe that participants used

the convex hull to narrow their focus, enabling them to see the routes more clearly; avoiding a

visual search for the next sequence.

Conversely, Fixation Trail and Dot performed strongly for AOI estimation, but relatively poor

for route prediction, suggesting that these visualisations were e�ective at conveying general

information but were not �ne-grained enough for inferring speci�c intent. We believe that

trajectory-based representations caused participants to divide their attention between two areas

of interest and this was speci�cally mentioned by Participant 22. None of the point-based

representations performed particularly well. We believe by the time participants start to make a

connection between objects, the visual has moved somewhere else, causing them to start making

a new inference elsewhere.

The Heatmap gaze representation overall scored highly in all �ve measures, and this is primarily

attributed to its ability to provide a high level of visual information by using averaged information.

Moreover, Heatmap takes a small amount of time to ‘heat up’ and cool down, allowing the player

to know areas which are gaining interest and losing interest. We earlier noted that Scanpath

performance increased from the early-mid to late stage of the game which may be re�ective of

the nature of the game. Towards the late stage players tend to track the missing paths which

reduces the search space and enhances the performance of the Scanpath gaze representation.

Further, with the increased availability of other cues to select from as the game progresses,

a sustained gaze (presenting sustained interest) at a location is likely to signal with greater

con�dence the likelihood of an intention to action. To some degree, we expected the Heatmap to

have performed the best being a well-used representation. On the other hand, the Convex Hull

was notably disliked, being given the lowest or second-lowest ranking by all but four participants.

Preferences were mixed for the rest, with a wide variation in scores indicating that di�erent
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participants valued di�erent characteristics. The trajectory-based representations were all ranked

relatively highly; we hypothesise that this is because trajectory-based representations naturally

calls attention to the connections between di�erent points of interest as the player moves their

gaze between them without overloading the user and therefore remained neutral in our results.

Interplay Between Game Cues and Overall Scores

As expected, we found that participants make use of in-game and behavioural cues to predict

routes such as by observing what cards the naive player looked at or picked. From the game

analysis, there was 17 showed cards being picked and many participants drew conclusions by

matching the route seen and card colour which is a probable cause of di�erences in scores

between the clips. Across all visualisations, prediction accuracy was lower in the late game than

in the early and mid game. We consider several factors that may account for this trend, with

di�erent implications for the use of gaze visualisations in other contexts.

First, the visual clutter on the screen increases as the game progresses, so that in the late game

there are substantially more train routes that may potentially distract the viewer from the gaze

representation. Second, the number of available routes is lower in the late game, which tends to

require players to draw more convoluted routes; the combination of zigzagging existing routes

and fewer possibilities may increase the di�culty of recognising an obvious path that the player

is aiming for. Third, the behaviour of the player is likely to be di�erent, as they transition from

long-term planning in the earlier stages to opportunistic route-grabbing and path-blocking in

the late stage; this behaviour may be more di�cult for a viewer to interpret. We believe that it

is plausible that all three of these factors play a role, but based on our own observation of the

game recordings, we expect that the third factor to be the most signi�cant as gaze behaviour

clearly shows a di�erent pattern late in the game. This is exhibited in our results such as in the

case of the Dot representation where the naive player was looking for was considering a route

to build between a few potential routes.

Humans naturally rely on explicit actions as they con�rm their thoughts, such as in real life.

Regardless of representation shown, we are impressed at the ability of participants to put

themselves into the mind of the player with the introduction of displayed gaze. In the same

way, spectators rely on these actions, and therefore participants employ a variety of cues in
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making inferences. However, we observed in our study that some participants better than other

in keeping track of the elements in the game, allowing them to make better inferences.

Design Implications

Our results present various implications towards the digital games community. First and foremost,

we demonstrated the possibilities of using di�erent types of representations to display mental

processes (e.g. intention) of players in real-time, which has direct implications towards game

developers. When using gaze explicitly for use in games, game developers must be wary of how it

is actually used in its execution. For example, when we the tested the Convex Hull representation,

it worked well allowing two developers to reveal what the other was looking at.

However, during our evaluation, Convex Hull obtained consistently low scores revealing a �aw

in our implementation when converting a static visualisation to real-time. Then again, this

consistently low score gave us a reference point and con�dence in the validity of our data. The

design of gaze representations should further consider the amount it reveals without giving it

away as it would give a player a disadvantaged. Imagine playing a game and your opponent is

constantly one step ahead of you.

For the evaluation of games in real-time with gaze visualisation (implicit use), representations

such as the Heatmap can be used to reveal intentions of players from natural gaze behaviour, and

therefore provide insights into whether players understand the task in hand or is making correct

strategic decisions. Second, a range of selectable gaze visualisations can implemented in live

game streaming platforms such as Twitch, where audiences to create sensory excitement and

anticipation. For example, audiences can anticipate intentions of live players before the actual

move, providing a new experience. Lastly, players themselves can bene�t from visualisations the

gaze of their opponent in the form of an in-game ‘power up’ to create new gameplay experiences,

especially in similar competitive contexts.

Contributions, Limitations and Future Work

This work presents three main contributions. First, we provide an understanding of the role of

gaze and its importance to game designers in choosing and designing the right visualisation.
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Second, an assessment of how people interpret visual gaze visualisations, which has not been

done before in this context. The �ndings also highlight the e�ect of the di�erent techniques on

the inferring ability. Third, we contribute the assessment of AOI-based representations in the

context of gameplay. Limitations wise, we used clips in our study from the entire game session

which might not be comprehensive to show the goals of the whole game but enough to determine

short term intention. Moreover, as each visualisation was tested in only three di�erent clips, it is

possible that one outlier clip could a�ect the overall result for that visualisation; nevertheless,

we have taken this into account in our reporting of the �ndings. We also acknowledged that we

only used an example of a strategic game to demonstrate gaze. However, we believe our �ndings

apply to similar games.

Our future work focuses on players, where we give one player the ability to predict intentions

using a real-time Heatmap, and with room for deceptive or misinterpreted behaviours to happen.

We have also considered testing the viability of our �ndings with a di�erent game (e.g. on

with a less cluttered board) to provide further insights into the generalisation of our results.

Furthermore, our work has further implications in gaze-aware arti�cial intelligence, and we have

begun putting together a planning-based AI that predicts players potential intentions based on

the recorded games from this study.

Conclusion

This paper contributes the groundwork for determining the characteristics of gaze representations

that allow human players to make inferences about other players’ intentions and to derive insights

into potential strategies. This has been achieved by measuring the performance of human in

their ability to predict intentions using a range of visual gaze representations. Our results

showed us that human subjects have a remarkable ability to infer intent with the introduction

of gaze. We conclude that representations that show both characteristics of point- and AOI-

based representations would work well in our setting. Our work ultimately contributes gaze

input as a viable implicit modality in multiplayer competitive computer games and with broader

implications towards the games community.

End of Published Paper
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No matter how brilliant your mind or strategy, if you’re

playing a solo game, you’ll always lose out to a team.

– Reid Ho�man

5
Study 2: E�ect of Gaze Awareness on

Human-Human Intention Recognition
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5.1 Introduction

This chapter presents Study 2, which was published as a peer-reviewed conference paper:

Joshua Newn, Fraser Allison, Eduardo Velloso, and Frank Vetere. 2018. Looks Can Be Deceiving: Using

Gaze Visualisation to Predict and Mislead Opponents in Strategic Gameplay. In Proceedings of the 2018

CHI Conference on Human Factors in Computing Systems (CHI ’18). ACM, New York, NY, USA, Paper 261,

12 pages. DOI: https://doi.org/10.1145/3173574.3173835

The paper has been reformatted to the formatting style of the thesis as recommended by The

University of Melbourne’s Thesis with Publication1 guidelines. The paper in its original published

format is found in Appendix A.2.

In the previous chapter, we found that humans can make inferences about intentions given the

ability to see the gaze of a tracked ‘unaware player’. Study 1 also �nds that certain characteristics

of gaze visualisation enable humans to improve their capacity to perform gaze-based intention

recognition. Out of visualisations evaluated, we found that using the real-time heatmap per-

formed best and was most preferred due to its ability to display a small window of aggregated

gaze and current attention. This characteristic allows an observer to draw relationships with

minimal clutter and without needing to follow a fast-moving live gaze point continually.

In this study, we extend the �ndings of the previous study in the following ways:

1. By using human players instead of human spectators, in which players will make use of

the real-time heatmap visualisation during live gameplay to make inferences about their

opponent’s intended plans while also devising and managing their own strategic plans.

2. By assessing the ability of human players to interpret and respond to opponents’ gaze

cues throughout a live game, with a particular interest in the ability to make predictions

during the early stages game when little or no in-game actions have been taken.

3. By introducing a deception aspect where one player is aware that their gaze is being

tracked, creating an opportunity for the player to deliberately manipulate their gaze

behaviour to potentially mislead their opponents. The combination of using an imperfect

information game and a remote competitive setting a�ords us to explore this novel aspect.

1https://gradresearch.unimelb.edu.au/preparing-my-thesis/thesis-with-publication
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As shown in Figure 5.1 below, this study is directly informed by Study 1, where we obtained a

suitable visualisation for use in this study. Moreover, with the data set from Study 1, we began

the construction of the agent model with promising results. The data set obtained from this

study with its multiple conditions and full-game data allowed us to evaluate the arti�cial agent’s

capacity to perform intention recognition thoroughly in the following chapter (Chapter 6).

Figure 5.1: Part 1 contributes data sets to evaluate the arti�cial agent in Part 2.

In this study, we shift our focus from using human spectators to human players to study the e�ect

of gaze awareness on intention recognition during live gameplay, forming sub-research question

RQ1.2, along with further sub-research questions that helps us to answer RQ1 fully.

RQ1.2: What are the e�ects of gaze awareness for intention recognition in a com-

petitive gameplay setting?

RQ1.2.1 Do human players with gaze visualisation perform intention recognition better
than players without gaze visualisation in a competitive gameplay setting?

RQ1.2.2 Do human players with knowledge that their opponent is watching their gaze
alter their gaze behaviour in a competitive gameplay setting?

RQ1.2.3 Can human players distinguish between non-deceptive and deceptive gaze be-
haviours in a competitive gameplay setting?

RQ1.2.4 Will human players perform intention recognition less accurately when the oppo-
nent knows that their gaze is being watched in a competitive gameplay setting?
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In this study, we evaluate how well players can discern the overall strategic plans of their

opponents when given the ability to see their gaze throughout the game using the real-time

heatmap visualisation from the previous study. This study is examined through sub-research

question RQ1.2 by comparing the results of three conditions using pairs of players: no gaze

visualisation, gaze visualisation of an unaware player, and gaze visualisation of an aware player.

We introduced the last condition to �nd out how players who are aware that their gaze is being

tracked will manipulate their gaze to keep their true intentions hidden. In our pilot study, we

tested a symmetrical setup where players can see a visualisation of each other’s gaze on the

interface, which showed that players constantly manipulate their gaze to keep their intentions

hidden, but found that symmetrical conditions were not suited for our work. Hence, this study

focuses on manipulating the two types of awareness asymmetrically instead: (1) gaze awareness,

that is, when a player is aware of where their opponent is looking and (2) awareness of being

tracked, that is, when a player gains awareness that their opponent is watching their gaze.

The overall results of the study showed that gaze awareness could further improve a player’s

capacity to recognise intentions of an opponent when displayed throughout the game, especially

when compared to the baseline condition whereby he player can only make inferences based

on the opponent’s in-game actions. Further, the results showed that players could make early

inferences solely using gaze visualisation and that players that were successful in keeping track

of their opponent’s intentions can potentially adjust their strategic plans accordingly.

However, despite the increased capacity to perform intention recognition, players also reported

that they experienced a limited ability to keep track of their opponent’s intentions and therefore

unable to fully utilise the information that was theoretically available to them through the gaze

visualisation. One possible explanation is that the opponent is continually assessing alternative

plans, and the player needs to determine the likelihood of each as the game goes on and make

alternate strategic decisions in response. Moreover, the player has to di�erentiate the priorities of

the opponent, determine how the intentions relate to one another, and how each plan might a�ect

their own strategic plans. Hence, successfully managing the multiple plans that are continuously

being updated in a feedback loop and how they a�ect one another becomes a challenging task.

Further, the study elicited similar reports on the distracting nature of using gaze visualisation

when displayed over the interface as with previous studies (e.g. [65, 263]). The level of distraction
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experienced may be partly attributed to the visualisation style, either due to its representation or

the fact that it is a live visualisation, which suggests the potential for an alternative approach.

The study further �nds that the capacity to perform intention recognition through gaze visuali-

sation can be hampered when the opponent was made aware that their gaze was being watched.

Players were successful in devising deception strategies that reduced their opponent’s prediction

accuracy about their plans, but also found degrees of di�culty in maintaining them (in line

with [205]). All of the deception strategies we observed were conceived independently by the

players, without suggestions from the researchers, and the stated inspiration behind many of the

strategies was the player’s own experience of observing the gaze visualisation in the previous

round, which resulted in a novel taxonomy of gaze-based deception strategies (see Section 5.2).

To sum up, this chapter aims to �nd out the e�ects of gaze awareness for intention recognition

in our chosen setting. The study adopts the real-time heatmap visualisation from the previous

study, where it was the most accurately interpreted and second-most preferred visualisation

style among the formats compared. The overall �ndings in this study indicated that although

gaze awareness improves the capacity of human players to perform intention recognition in

a competitive gameplay setting—answering RQ1, it also indicated that the task of performing

intention recognition using the combination of gaze and in-game actions while keeping track of

the state of the game is a cognitively demanding task. This demand is further increased as the

human players have to balance other tasks simultaneously, such as managing their own strategy.

The �rst step towards our aim in this thesis is to provide arti�cial agents with the ability to

perform gaze-based intention recognition, as we anticipated that it would narrow the interaction

gap between the counterparts. Through this study, we collected a realistic data set that enables

us to evaluate an arti�cial agent that incorporates gaze into its planning process in the next study

(Chapter 6). Moreover, this study provides the motivations for delegating the task of gaze-based

intention recognition to the agent, as the study �nds that it is a cognitively demanding task for

human subjects to perform. At the same time, delegating the task to the agent enables the player

to move away from using gaze visualisation to infer intentions, which this study �nds to have

impacted the experience of players negatively. Therefore, by delegating the task of gaze-based

intention recognition to the agent, it not only potentially reduces the confusing and distracting

nature of using gaze visualisation, but it also enables us to address its inherent issue of scalability.
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5.2 Published Paper: Looks Can Be Deceiving: Using Gaze
Visualisation to Predict and Mislead Opponents in Strategic
Gameplay

Start of Published Paper

Abstract

In competitive co-located gameplay, players use their opponents’ gaze to make predictions about

their plans while simultaneously managing their own gaze to avoid giving away their plans.

This socially competitive dimension is lacking in most online games, where players are out of

sight of each other. We conducted a lab study using a strategic online game; �nding that (1)

players are better at discerning their opponent’s plans when shown a live visualisation of the

opponent’s gaze, and (2) players who are aware that their gaze is tracked will manipulate their

gaze to keep their intentions hidden. We describe the strategies that players employed, to various

degrees of success, to deceive their opponent through their gaze behaviour. This gaze-based

deception adds an e�ortful and challenging aspect to the competition. Lastly, we discuss the

various implications of our �ndings and its applicability for future game design.

Introduction

In face-to-face communication, our eyes have a dual function: to perceive the environment

and to signal our point of interest within that environment [91]. In this context, gaze is an

important behavioural cue that reveals our unspoken intentions to other people [49]; researchers

call this “nonverbal leakage” [77]. As a result, interpreting gaze is a competitive element in

many games, where players can gain advance warning of what their opponent intends to do

by accurately reading their gaze. Variations on this tactic abound in all types of games, from

poker players wearing sunglasses indoors to hide their eyes, to footballers using a “no look pass”

to mislead opponents about the direction in which they will move the ball. As these examples

show, counter-strategies for gaze interpretation range from the defensive (obscuring gaze) to the

delusive (portraying a false intention through gaze).
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By contrast, digital games rarely allow for gaze interpretation, as players are hidden behind

screens and sometimes physically remote from each other. In a recent survey of gaze interaction in

games, Velloso and Carter found an increasing number of applications in single-player scenarios

[243], but limited usage in multiplayer and online games. HCI researchers have begun to explore

the uses of shared gaze awareness in multiplayer games, �nding that gaze visualisation can

increase the feeling of social presence between remote players [147, 168]. However, despite

its prevalence in face-to-face games, gaze-based deception in online gameplay has not yet been

the subject of published research. This paper contributes the �rst study (to our knowledge) of

human-to-human deception through gaze visualisation in an online strategic game.

In this study, we observed pairs of players engaged in an online turn-based strategy game

with incomplete information, in the form of hidden objectives. Each player’s gaze was tracked

and, in some conditions, transmitted to their opponent and displayed as a dynamic heatmap

overlaid on the game. The study involved three rounds of the game, corresponding to three study

conditions: no gaze visualisation, gaze visualisation of an unaware player, and gaze visualisation

of an aware player. First, consistent with the �ndings of our prior study [188], the �ndings of

this study showed that players made more comprehensive and more precise predictions about

their opponent’s intentions when they were shown a gaze visualisation of an opponent that

was unaware they were being tracked. Second, we �nd that players who knew their own gaze

was being visualised were able to deceive their opponent with gaze, through both obscuring

their true intentions and conveying false intentions. Following, we discuss the implications and

applicability of these �ndings for future game design. Lastly, this paper contributes a typology of

such gaze deception behaviours, categorised as dissimulation and simulation deception strategies

according to the general theory of deception [254, 28].

Literature Review

Gaze and Intention

Gaze is a powerful form of nonverbal communication, as its direction alone can convey a number

of signals, including one’s current point of attention and future intentions [133]. Gaze often

gives away this private information without our knowledge or intent, as “nonverbal leakage”

[77]. It is common therefore for players in face-to-face games to peek at their opponents’ eyes
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to obtain clues as to what they will do next. Psychologists theorise that this inherent human

ability to discern others’ intentions stems from our Theory of Mind—the ability to put ourselves

into another person’s position and imagine how they might think and act—and that gaze is an

important component to this ability [24, 151].

Gaze observation is a missing component in much technology-mediated human-human interac-

tion. With the emergence of a�ordable eye trackers, researchers have begun to explore its uses

in remote collaborative settings using visual representations of gaze (e.g. [11, 63, 153, 205]), and

have shown that it can improve both communication and coordination. Similarly, a small body

of work has emerged in recent years that explore eye-tracking technology as an input for digital

games. Primarily this has concerned the creation of novel gaze-based gameplay experiences [240,

243], with only a few studies to date looking at shared eye tracking in competitive multiplayer

games including our own [147, 188, 189, 205]. Typically, players of online games cannot see their

opponents and so do not have access to the kinds of immediate behavioural cues (such as gaze)

that enrich the experience of playing games in a physically shared location. In our previous work

on the subject, we found that adding a visualisation of an unseen player’s gaze into a digital

game allowed spectators to make accurate predictions of what the player was planning to do,

based on the areas of the screen receiving the most visual attention [188].

However, digital gaze visualisation is not a perfect replacement for face-to-face gaze observation.

Researchers have found that live gaze visualisation from an eye tracker can be distracting and

di�cult for the observer to interpret, especially when there is a mismatch between gaze and

other forms of communication [66, 153]. Furthermore, HCI researchers have found that the

intended meaning of gaze behaviour can be di�cult to discern through a visualisation [117], as

it is often “hard to distinguish between deliberate communication and unwanted inputs” [168].

Gaze and Deception

As we use gaze cues to predict the intentions of others, gaze can be used against us as a method

of deception. Players in many games mislead their opponents by simulating a fake intention with

their gaze, as in a footballer’s “no look pass”. In LaserViz, the researchers simulated this mechanic

using a two player shell game variation using cards, with one player wearing a head-mounted

laser (that corresponds to the wearer’s gaze) acting as the mixer [205]. The wearer initially
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experienced a disadvantage as the opponent could correctly guess their plans based on the gaze

visualisation but in subsequent rounds, the advantage was reversed as the wearer learned to

trick their opponent by consciously looking at the wrong card.

The e�ectiveness of misleading gaze behaviour is predicted by Levine’s Truth-Default Theory

[152], which holds that humans have a strong tendency to presume that another person is com-

municating honestly, and that lies are usually only detected after-the-fact based on contradictory

evidence rather than through observation of the liar’s demeanour. Levine explains this as an

adaptive tendency for most situations, as lies are much rarer than truths, but one that leaves

humans vulnerable to deceit. We believe this theory can be generalised to scenarios in which

the communication is solely nonverbal.

Studies have found that humans have a limited ability to di�erentiate between true and deceptive

gaze behaviours (e.g. [83]) despite developing this ability at young age. Freire et al. found that

children as young as four years old could detect small “leaked” gaze cues, and use them to infer

that a person’s private thoughts were contradictory to their verbal statements [84]. Then again,

people are also able to adopt honest-seeming gaze behaviour when they lie to avoid suspicion.

For example, Mann et al. found that people maintained eye contact when lying to foster trust,

by taking advantage of the popular belief that liars avoid eye contact [165]. This suggests that

distinguishing between true and deceptive gaze signals is a di�cult task that could provide a

rich resource for challenging social play.

Gaze and Plan Recognition

The problem of plan recognition has long been investigated by arti�cial intelligence researchers.

Kautz and Allen de�ne plan recognition as “the task of inferring intentions (in terms of plans)

from the actions or utterances of observed actors” [130]. Plan recognition is an important aspect

in real-time strategy games, as human players who discern the plans of their opponents can

gain a signi�cant advantage. Further, players with knowledge of their opponents plans will

allow them to employ some form of deceptive behaviour. Cohen et al. outline two types of plan

recognition, keyhole and intended [61]. Keyhole recognition is the inference of an agent’s goals

and plans through unobtrusive observation, as if through a keyhole. The agent has no intent to

communicate its goals to the observer. Intended recognition is the conveyance of an intentionally
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constructed impression of an agent’s goals to the observer; it is typically found in adversarial

settings, such as warfare, in which deceptive strategies are employed to thwart the recognition

of the agent’s true plans [51].

Strategic games have commonly been used as a context for adversarial plan recognition research

(e.g. StarCraft [123]). Likewise, they have also been used in automated deception detection studies

(e.g. Ma�a [67]), which is a challenging problem that requires the combination multimodal inputs

to e�ectively detect [2]. Although a large body of literature exists in these research areas, our

interest for the purposes of this paper lies in plan recognition by human subjects. We seek to

test whether a player who follows a live gaze visualisation will obtain the same bene�ts as gaze

following, enabling them to discern their opponent’s intentions and plans better. As previously

mentioned, players in online games lack access to social cues, limiting their ability to discern

plans until su�cient explicit information is provided. Byom and Multu explain that are three

mechanisms of Theory of Mind: (1) knowledge of shared contexts, (2) perception of social cues,

and (3) interpretation of actions, all of which are crucial when attempting to discern future

behaviours [48]. The use of an online strategic game with incomplete information combined

with the introduction of gaze visualisation allows us to study this e�ect. Furthermore, such

games typically require players to construct hypotheses plans (that we can measure), and at the

same time invite treachery, trickery and deception [213]. Additionally, playing strategic games

have been found to activate regions of the brain associated with Theory of Mind [87]. Our work

lies at several crossroads, as we begin to explore the potential of gaze as a playful nonverbal

avenue for deception while drawing on its roots in face-to-face human communication.

Aims

We aim to explore the uses of gaze visualisation in online multiplayer games by understanding

its potential usage for intention-reading and deception. Gaze, being a key signal for Theory of

Mind, can assist a player to accurately imagine the mind of their opponent and thus help them to

plant false beliefs. We formed the following hypotheses about this activity, based on our review

of the literature:

[H1] Players who have knowledge of their opponent’s gaze are better at discerning their

opponent’s overall plans.
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[H2] Players who are aware that their gaze is being watched will alter their gaze behaviour to

deceive their opponent.

[H3] When a player knows their gaze is being watched and attempts to mislead their opponent

through deceptive gaze behaviour, the opponent will not detect the deception.

[H4] Players will be less accurate at predicting the plans of their opponent when the opponent

knows their gaze is being watched than when the opponent does not know their gaze is being

watched.

We aim to build upon our previous work [188] in three ways:

(1) By using players instead of spectators, where players will make use of gaze visualisation

of their opponent during live gameplay, balancing the tasks of devising their own strategic

plans with making inferences about their opponent.

(2) By assessing the ability of players to interpret and respond to opponents’ gaze cues over the

course of a whole game, with a particular interest in the ability to make long-term predictions

during the early game before in-game actions have been taken. Previously, we were only able

to obtain short-term predictions from the short clips used.

(3) By introducing a deception aspect where one player is aware that their gaze is being

visualised, to create an opportunity for the player to deliberately manipulate their gaze

behaviour to potentially mislead their opponents.

Study

We selected the computer game Ticket to Ride following the success of its use in our prior work

[188]. In this game, players compete to build train routes between adjacent cities across a map of

North America, and gain points for building a connection between speci�c pairs of cities that

they are assigned on “ticket” cards (goal cities e.g. Vancouver - Montreal), which are unknown to

the opponent. Players lose points if they fail to complete ticket cards they hold, and can block

each other’s paths, as only one player can claim each train route. Therefore, players must plan

their train networks carefully to minimise the risk that an opponent will block them by claiming

important routes �rst. More detailed information on the rules of Ticket to Ride can be found on

the game’s website2.
2http://www.daysofwonder.com/tickettoride/en/usa/
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There are several factors that make Ticket to Ride a suitable game for this study, in addition

to keeping continuity with our previous study [188]. As a turn-based game, it gives players

time to observe their opponent without having to focus on their own actions concurrently. It

contains hidden information in the form of secret goals. As a map-based game, it encourages

players to look at locations that correspond with their plans—and provides opportunities to do

so misleadingly. Finally, it has a short gameplay time (around 30 minutes or less for two players),

and is su�ciently simple that players are able to learn the rules and develop an understanding

of the general strategies within a few minutes. We structured our study to ensure both players

were familiar enough with the game to make predictions about their opponent, and that Player

A (PA) would be familiar with the gaze visualisation format by the third round (see Figure 5.2) to

allow them to develop ideas about how to use it against their CU-GA opponent.

Study Conditions

Each pair of players played three rounds of Ticket to Ride against each other, with each player

being subjected to a condition (see Figure 5.2). Each condition consists of the players’ awareness

of the study condition (CA: Condition Aware, CU: Condition Unaware) and their awareness of

their opponent’s gaze (GA: Gaze Aware, GU: Gaze Unaware). Condition-Aware players were

given all details of the study condition for that round, including what their opponent knew. Each

players’ awareness di�ered between rounds, as described below. One player was aware of the

condition in every round (PA), while the other was naive after the �rst round (PB). The second

and third round correspond to keyhole and intended plan recognition scenarios, respectively

[61].

Condition 1 (Baseline) — No Gaze Visualisation of Players

The �rst round consisted of a standard online match with no gaze visualisation and both players

are aware of this, making both players CA-GU (see Figure 5.2). This round served as a baseline

for recording the players’ behaviour under normal gameplay conditions. It also allowed players

to get experience playing the game to minimise any learning e�ects, and to get a sense of forming

their own strategy while discerning their opponent’s strategy, based only on explicit in-game

actions.
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Figure 5.2: Study Conditions (Player A: PA, Player B: PB). In Condition 1, no gaze data is visible to
either player. In Condition 2, PA can see PB’s gaze, and PB is unaware of this. In Condition 3, PB can
see PA’s gaze; PA is aware of this, and that PB does not know PA is aware.

Condition 2 (Gaze Viz.) — Gaze Visualisation of Unaware Player

In the second round, PA was shown the gaze of PB throughout the game, and knew that PB was

not aware their gaze could be seen (see Figure 5.2). This allowed PA, as a CA-GA player, to try to

discern the intentions of an entirely naive opponent (CU-GU) through their gaze natural gaze

behaviour.

Condition 3 (Deception) — Gaze Visualisation of Aware Player

In the third round, PB received the gaze visualisation of PA. But this time PA knew their gaze was

being tracked (see Figure 5.2). Not knowing this, PB (CU-GA) attempted to discern the intentions

of PA (CA-GU) through their gaze behaviour without knowing that they could be intentionally

misled.

Recruitment

We recruited 40 players (22 female) from the University of Melbourne, and assigned them into

20 pairs. These included undergraduate students, graduate students and non-faculty sta�, aged

between 18 and 39 years (M=23.2). Players were compensated with a $20 (AUD) gift card for

their time. Before the study, players were asked to learn the rules of the game by watching a

video tutorial, if necessary; 11 had played the game previously. A majority self-identi�ed as an

“occasional gamer” (23), while the rest self-identi�ed as a “non-gamer” (11) or “regular gamer”

(6). Ten players had used eye tracking previously, all as participants in a research setting.
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Experimental Setup

The study was conducted in a university usability lab with two players in each session under

approval by the University’s ethics committee. To simulate online gameplay, we placed players

in separate observation rooms and set up an online game of Ticket to Ride between them. We

provided snacks and bottled water during the study in addition to the compensation due to

the duration of each session. Both computers were �tted with a Tobii 4C eye tracker3, and the

gaze data from the eye tracker was streamed between the computers using a custom networked

system that overlaid real-time gaze visualisations over any application (also used in our previous

study [188]). Players were also given a tablet computer that mirrored their desktop computer

screen and instructed to sketch notes about their opponent’s strategy on the tablet using a stylus.

We placed a video camera in each room to record the players, and the computer screens were also

recorded for the duration of each session. Lastly, we logged the raw gaze data of both players for

each game round for later analysis.

Procedure

Two researchers were present in each session to facilitate the study and to observe the players.

The researchers followed a well-rehearsed script, so as not to reveal the study conditions to the

players. On commencement, both players were given an initial brie�ng together that explained

that their gaze would be tracked throughout the study for the sole purposes of later analysis.

Players were then randomly allocated into one of the two observation rooms, with one researcher

in each. There, players were given a written overview of the study, consent form and basic

demographic questionnaire to �ll out. Following this, players were calibrated using default

calibration procedure of the eye tracking device, and instructed to play the game’s interactive

tutorial until both players were satis�ed that they understood the game for up to 10 minutes.

Players then played three rounds of Ticket to Ride against each other through an online connection.

To ensure timely completion, each player was given a 15 minute cumulative time allowance

for their total turns in each round; if either player ran out of time, we manually calculated the

scores for that round. At the start of each round, we requested each player to pick all three

randomly assigned ‘ticket’ cards to complete (each representing a pair of ‘goal cities’, potentially
3http://tobiigaming.com/eye-tracker-4c/
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having up to six initial goal cities). Players were asked to ‘think aloud’ during the game about

their strategy; their opponent’s strategy; what they were thinking and what their opponent

might be thinking. The researchers prompted the player occasionally on these topics, and took

notes throughout the session on player comments or behaviours related to the study objectives.

Researchers were permitted to respond to any questions regarding the rules of the game at any

time during the session. In the conditions where the player could see gaze, we provided a short

tutorial on how we would like them to annotate on the tablet—circling the cities they thought

were their opponent’s goals and highlighting the routes they thought their opponent planned to

take (see Figure 5.3). The gaze was visualised as a dynamic real-time heatmap, as our previous

study showed that this was the best representation for discerning the goals of a player based

solely on a gaze visualisation [188]. The dynamic heatmap visualisation was semi-transparent,

and the application allowed the player to click “through” it as normal.

At the end of each round, players completed a brief section of the questionnaire (see Measures

and Analysis section below for questionnaire details) about the round they just played. At the

end of all three rounds, both players were invited to add any �nal thoughts, and the CU-GA

player was asked whether they suspected any deception in the study. Finally, both players were

fully debriefed about the study conditions.

Measures and Analysis

Player Self-Assessment and Experience

We created two sets of questionnaires for players to complete following each round of the

game, with slightly di�erent questions for each. In both sets, the �rst three questions following

all conditions asked the player to rate their ability to predict their opponent’s short-term and

long-term plans, and what aspects of the game they had found helpful in predicting their

opponent’s plans. These repeated measures allowed an assessment of the subjective e�ects of

gaze visualisation and deception on intention recognition ability. We expected that players would

make a higher number of predictions when gaze was visualised and that these predictions would

be more accurate when the opponent was unaware their gaze was being visualised. To test this

e�ect, we ran a multiple regression model on the questionnaire responses, with independent

variables being gaze awareness (whether the opponent’s gaze was visualised on their screen
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or not) and condition awareness (whether the opponent was aware that their gaze was being

visualised or not).

For the second and third round, the questionnaire asked additional questions to assess the impacts

of gaze visualisation. Both players were asked to rate their experience with the gaze visualisation

following the round in which they saw it. After the third round, the CA-GU player was asked

whether they attempted to deceive their opponent and how. To test whether the deception of the

study had been maintained, the CU player was asked after the second round in what ways the

game had been di�erent to the �rst round; and after the third round, the penultimate question

asked whether they felt they had been deceived about the study at any point.

Prediction Performance

We are primarily interested in players’ actual success at discerning the plans of their opponents,

as opposed to their self-assessed abilities. To determine this, we �rst extracted the ground truth

(all routes each player claimed) for each individual game for each player (120 games total). We

then analysed the study recordings to list all instances in which a player made an inference

about their opponent’s plan, including both verbal statements and tablet annotations. We then

categorised these into goal predictions (goal cities the opponent is ultimately connecting to,

i.e. their secret objectives) and subgoal predictions (what cities or routes they intend to connect

through to reach their goal cities). We measured each of these predictions against the opponent’s

ground truth, de�ned as the secret objective cities they were assigned by the game, the routes

they ultimately claimed, and any routes they verbally declared they were considering but did not

end up claiming. We included the latter because players could change their strategy in response

to events during the game, particularly after being blocked by an opponent who had correctly

guessed their plan. We excluded from the ground truth some incidental routes, primarily any

last-minute building decisions in the �nal turn that were clearly not part of their planning before

that point in the game.

We assessed players’ prediction performance using three metrics: (1) their accuracy in discerning

goals, (2) the extent to which they discerned their opponent’s plans, and (3) the distance of

each guess from the ground truth, in terms of both goals and subgoals. We evaluated players’

goal and plan prediction performance by employing the F1 − Score (F1 = 2× (precision×
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recall)/(precision + recall)) metric from information retrieval literature [209]. We compared

the number of goal cities that were guessed correctly against the total number of cities guessed

(Precision), and against the number of cities that were in the ground truth (Recall). We then

performed the same comparisons, replacing the number of correctly-guessed goal cities with

the number of goal cities that had been guessed as subgoals. A F1 − Score value was calculated

from both sets of comparisons. Lastly, we employed the distance metric from graph theory [252].

As the playing area of Ticket to Ride is laid out as a graph diagram, it is possible to determine

an error distance by treating all cities as nodes in a graph, and measuring how many nodes the

guess was away from the ground truth [157]. To simplify our analysis, we take the shortest

distance between the guess to any goal (or subgoal) from the ground truth. Predictions that were

adjacent to a goal (or subgoal) thus have a distance of 1, and predictions that correctly matched

the ground truth have a distance of 0.

Results

Each session lasted for at least two hours, and consisted of three rounds of Ticket to Ride between

two players, for a total of 60 rounds or 120 rounds if each player is considered separately. We then

compared the extracted predictions made for each player in all conditions against the ground

truth for that respective game. The use of the “think-aloud” protocol in our study provided

rich descriptions of players’ strategies and considerations throughout each of the games. These

re�ections gave us con�dence in our analyses of the game data, as the results are in accordance

with what players said themselves.

E�ect of Gaze Awareness and Deception

E�ect on Player’s Self-Perceived Predictive Ability

We examine players’ self-perceived predictive ability, i.e. how well they thought they discerned

the plans of their opponent. We built a multiple regression model to predict player’s self-ratings

on this measure. A signi�cant regression equation was found for both short-term (R2=0.23,

F(3,116)=11.28, p<0.05) and long-term (R2=0.20, F(3,116)=9.42, p<0.05) predictive ability. We can

de�ne the model based on the latter as follows:
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Response = 3.27 + (1.8 (Gaze)) + (−1.32 (Deception))

Both measures are signi�cantly correlated across all conditions for both players (Pearson(r)=0.78,

p<0.05), meaning that if a player rated their ability to predict speci�c plans highly, their ability

to predict overall goals was also rated highly. The model also shows that there were no learning

e�ects in predictive ability, but there was an increase in players’ con�dence in their ability to

form strategies and make predictions.

E�ect on Player’s Outcomes and Experience

We �rst report on players’ self-assessments (questionnaire responses), each measured on a

7-point Likert scale (1 being lowest agreement, 7 being highest agreement). Subsequently, we

report on the way players spoke about the experience of the game, and the level of success that

they achieved.

Overall, players found it easier to make short-term predictions (moves) (PA=5.6, PB=5.4) and

long-term predictions (strategy) (PA=5.1, PB=5.3) in conditions where gaze was visualised. Both

sets of players noted the gaze visualisation was useful for formulating their own strategy (PA=4.9,

PB=5.1), and that it changed the way they played the game (PA=5.4, PB=5.2). Both sets of players

also believed that gaze visualisation had an in�uence on the outcome of the game (PA=5.1,

PB=4.7 ). In Condition 3, the CA-GU players indicated that they changed the way they played

the game as they knew that their opponent could see where they were looking (M=5.2, SD=1.6).

Consequently, the players were somewhat bothered by the knowledge that their gaze was

being observed (M=3.9, SD=1.7 ), and all of them employed some form of deceptive strategy to

counteract this (see Gaze-Based Deception Strategies section).

In a comparison of the actual game outcomes in Conditions 2 and 3, we found that the CA players

were no more successful than the CU players. This was despite their information advantage,

as demonstrated by their greater ability to discern the opponent’s true intentions (see Table

5.1). To explain this, we refer to the comments from the CA player for both conditions. In

Condition 2, CA-GA players commented that the gaze visualisation was distracting and drew

their attention away from their own plans, both by providing additional information about

their opponent’s plans and by creating visual clutter on the screen. We believe that this was
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likely exacerbated by the fact that real-time gaze visualisations were an unfamiliar interface

element for all players. The CA-GA players also commented that the visualisation in�uenced

them towards a ‘blocking’ strategy, which was focused on interfering with their opponent rather

than pursuing their own goals. This strategy proved relatively ine�ective in many cases, as

it caused the aggressor to waste as many turns and resources as the player they were trying

to block. For example, P6A stopped their opponent from completing 2 out of 3 ticket cards,

but completed none of their own objectives. The CA-GU players spoke about the di�culty of

maintaining their deceptive strategies while also thinking about their plans, especially early in

the game, noting that it was the best time to be deceptive as their opponent had no other cues.

This di�culty in maintaining deception echoes the �ndings of the LaserViz study [205]. Many

of the CA-GA players commented that they felt like they were ‘cheating’ in the second round

with an ‘unfair advantage’, whereas the �nal round felt more challenging, and generally more

exciting. Nevertheless, the CA-GU players found it interesting and engaging to know that their

gaze was being watched, and stated that it gave the game added depth.

At the conclusion of each study session, the deceived player was asked whether they suspected

that they had been deceived at any point. Only one player expressed some suspicion while

the rest did not express any at all. All players expressed the opinion that both they and their

opponent had improved their performance each round, which they attributed to ordinary factors

such as the luck of the draw or taking greater care in planning their strategies.

E�ect on Prediction Performance

Table 5.1 displays a summary of prediction performance results for all three conditions. A total

of 889 predictions (guesses) were made by both players across all conditions. The introduction

of gaze increased the average number of raw predictions made compared to when players could

not see gaze. Further, we noted that players were able to make their �rst predictions signi�cantly

earlier when given the ability to visualise the gaze of their opponent than in the other conditions

without gaze, on average within the �rst minute from the start of the game. In the conditions

without gaze visualisation, the �rst prediction on the opponent’s plans was only made after the

opponent claimed a few routes, typically a few minutes into the game. Predictions did become

increasingly di�cult if an opponent was e�ective in hiding their intentions. On occasion, the
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Figure 5.3: Ticket to Ride Gaze Visualisation Prediction Example. The three �gures above shows three
stages (early, mid, late) of the same game from left to right, and the real-time heatmap visualisation
used in our study. The green tracks belong to the CA-GA player (who has annotations in yellow high-
light) while the red belongs to CU-GU player. In early stage, the CA-GA has already predicted part
of their opponent’s plans, discerning that the opponent is interested in a particular route(s) when no
trains have been played yet by the opponent. In the mid stage, we can see how the predicted strategy
has been played out and now better discern a di�erent part of their plan. In the late stage, we can see
more of the predictions materialising. The �gure has been enhanced by reducing the contrast of the
background to better show the real-time visualisation, paths claimed and the annotations.

researchers would prompt the player on what they thought their opponent’s plans might be,

which would often result in a negative response from the player (e.g. “I don’t know”, “I am not

certain”, etc.), or a brief response with no solid prediction that the researcher could record.

A reason for low prediction counts, particularly in the conditions where players were gaze

unaware, is that players often focused on their own plans initially and were less concerned

about their opponent’s plans until completing their own. This was more likely in round 1 as

new players got used to the game. Players may have been particularly good at hiding their plans,

in line with the game design, making it hard to make predictions. This led to the predicting

players only making predictions when they were con�dent, leading to a low number of average

predictions with high precision but low recall.

In the conditions where players were gaze aware, they explicitly mentioned that they used the

gaze visualisation extensively to make predictions, especially in the early stage of the game. This

was as expected, as few actions are played in the early stage and the formation of their own plans

was still in its infancy. We highlight that players used a variety of in-game actions as well to

make predictions, such as observing which colour cards the opponent picked from the deck and

matching that to the colour of routes on the board, or observing the general direction in which

the opponent was building. Experienced players used the average distance between pairs of

cities to gauge whether their opponent had completed a ticket. Other in-game cues contributed

to their predictive ability, such as observing which train cards were not selected and analysing
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opponent’s building patterns. Players who frequently annotated on the tablet found it e�ective

for keeping track of their opponent’s plans.

In the third condition, the CA-GU players made fewer predictions about their opponent’s plans

than in the previous rounds. We believe this is for three reasons. Firstly, players focused �rst on

deceiving their opponent and second on attempting to complete their own goals, leaving little

attention for discerning their opponent’s plans (“I wasn’t focused on predicting their movements

but rather on how to throw them o� since I know I’m being watched.” [P9A]). Secondly, the

deceptive gaze activity required these players to keep track of two sets of plans (true and

deceptive), making it hard to keep track of a third. Thirdly, players felt less con�dent about their

predictive abilities after seeing the gaze visualisation and then having it removed (“I was less

able to assess my opponent’s strategy than I thought I could. It allowed to see the real advantage of

having the eye tracking in the second round. With the eye tracking, I would have been able to see

if she was looking at the east coast the entire time.” [P11A]).

Upon calculating the di�erent metrics to determine the e�ect of gaze and deception on prediction

performance, we found that the CA-GA players performed the best overall in Condition 2

amongst the other rounds, despite having the highest number of predictions. There was some

degree of error indicated by the total distance (75), but this appears to be in the normal range

when averaged, meaning that the predictions made did indeed have a distance but was of low

value. In contrast, performance scores for the CU-GA players in Condition 3 reveal that they

still made more correct predictions based on the goal and plan prediction scores compared to

conditions with no gaze. Further, the distance metric did reveal that only 36.6% of the CU-GA

players predictions had a distance of over 1 (CA-GA was 26%), showing that the players could

still judge their opponents’ plans with reasonable accuracy.

We expected the likelihood of players discerning the goals of their opponents to be generally low,

especially in conditions without gaze, and this proved to be true (F1 − Score1). As a further step,

we wanted to see if players would guess their opponents’ goals as part of a route (i.e. as subgoals)

without discerning them as end goals (i.e. without circling them or stating that they were a

‘ticket’ destination). The results for this analysis were higher (F1− Score2), meaning that players

did indeed discern goal cities without recognising them as end goals. A further comparison

revealed that CU-GU players in Condition 2 had a constant low prediction score, which we

131



5.2 Published Paper Study 2

believe is attributable to three factors. First, the CA-GA players kept their plans hidden better,

by playing a more reserved strategy. Second, the CA-GA players often employed a blocking

strategy, causing the CU-GU players to make incorrect or fewer predictions. Third, the CA-GA

players completed less of their own intended plans in this round, so there was less on-board

information for the CU-GA players to make inferences from. As an additional point, we observed

that players commonly extended their routes beyond their goal cities to get bonus points (Ticket

to Ride gives bonus points to the player with the longest overall route), which made it harder to

discern whether the ‘ticket’ goal was the end of a route or not. In Condition 3, CA-GU players

(e.g. P15A) commonly looked beyond their goal cities as a form of gaze misdirection.

The CA-GA players in Condition 2 scored an average plan prediction score of 0.39 (SE=0.031)

when they could see their opponent’s gaze, compared to 0.19 (SE=0.036) in Condition 1 when they

could not. A Welch Two Sample t-test indicated a signi�cant di�erence between rounds (t=4.20,

df=37.23, p<0.05), along with a medium-sized e�ect r=0.57. We thus reject the null hypothesis

[H1]. The CU-GA players in Condition 3 scored an average distance error of 0.48 (SE=0.050),

whereas the CA-GU players in Condition 2 scored an average distance error of 0.3 (SE=0.033). A

Welch Two Sample t-test indicated a signi�cant di�erence between rounds (t=3.01, df=413.32,

p<0.05), with a small-sized e�ect r=0.15. We thus reject the null hypothesis [H4].

Summary

Our results showed that gaze added value when used to discern plans in a strategic game,

especially early in the game, consequently revealing a large part of the tracked player’s plans as

the game progressed. Figure 5.3 illustrates how gaze was displayed, followed by its early and

partial prediction of an opponent’s plan. Further, we found that deception did have an e�ect on

predictive performance, though the player’s true intentions still leaked through their gaze. The

CA-GU players did need to look at their real plans on occasion and, over time, gave them away

as they claimed more routes. As a result, CU-GA players guessed both true and deceptive plans.

The results are also consistent with Hypothesis [H3], as the CU-GA players did not state that

they were being deceived (as predicted by the Truth-Default Theory [152]), when in fact all the

CA-GU players did attempt to deceive. Gaze visualisation had overall positive e�ects on both

player experience and player performance, although it was also found to be ‘distracting’. The
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�ndings also show that the deception condition did cause the CA-GU players to change their

gaze behaviour, as they became more aware of where they were looking and sought to deceive

their opponent, validating Hypothesis [H2]. The strategies employed are summarised in the

section below.

Gaze-Based Deception Strategies

All CA-GU players in the �nal round stated that they attempted to deceive their opponent by

manipulating their gaze behaviour, and described one or more strategies they used to do so. We

categorised the strategies according to the general theory of deception, which divides deception

methods into two main categories: dissimulation (covert, hiding what is real) and simulation

(overt, showing the false) [254, 28]. Within these categories, we have created a more speci�c

typology that draws on both the general theory and deception concepts in military strategy,

such as camou�aging [74].

Dissimulation Deception Strategies

We observed several ways that players sought to conceal their plans when they knew their

gaze was being observed. The most frequently employed and direct dissimulation strategies

were Gaze Averting (6) and Information Reduction (6), followed by Gaze Scattering (5). The least

employed strategies, Risk reduction (3) and Obstruction (4) were more oblique, seeking to deny

the opponent an accurate target to uncover.

Gaze Averting

Players sought to avoid looking at the routes and cities that were of interest to them. In Bell and

Whaley’s typology, this was a kind of masking [28]. The practice was di�cult to sustain; players

frequently expressed frustration at the con�ict between their desire to see what they were doing

and their anticipation that doing so would give away their plans to the opponent. From observing

and listening to players, it was apparent that this avoidance tactic took concentrated e�ort to

maintain, and as such, it tended to lapse for increasing lengths of time as the game went on. In

face-to-face communication, gaze averting is often attributed as a tell-tale sign of someone lying

[76], but this was not detected in our study.
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Gaze Scattering

Players went a step further than aversion, by actively scattering their gaze around the screen

to give the impression that they were looking “everywhere”. This tactic was intended to make

it hard to distinguish moments of real planning from moments of arbitrary looking—similar

to Bell and Whaley’s concept of dazzling [28]. Gaze scattering also served as a kind of attack

on the opponent’s concentration. In Condition 2, all of the CA-GA players noted that the gaze

visualisation distracted them from planning their own strategy under time pressure. In turn,

players replicate this distraction for their opponent in Condition 3 by scattering their gaze,

essentially “weaponising” the gaze visualisation.

Information Reduction

Players employed several tactics to reduce the amount of information their actions could give

away. For example, players favoured drawing cards from the blind deck over drawing face-up

cards, so that the opponent could not see what colours they were collecting. Other players took

their turns as quickly as possible, minimising their opponent’s time-frame for making inferences

about their gaze and actions, causing the opponent to concentrate on their own plans instead.

Risk Reduction

Players adopted a more �exible strategy when they were aware that their gaze was being observed,

to minimise the e�ect of being blocked by their opponent. For example, players chose to build

across areas that o�ered the most alternative pathways, rather than going for a more direct and

e�cient route. Players who adopted this strategy typically tried not to claim any train routes

for the �rst half of the game, and focused instead on collecting cards; this both reduced the

information available to the opponent (gaze and in-game), and allowed the player to re-plan

their route if the opponent’s actions got in the way of their initial plan. Risk reduction strategies

such as these ensured the player’s intentions could not be pinned down, because they were left

open to change.
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Obstruction

Players sought to disrupt their opponent as a form of counter-attack, taking the focus away

from their plans by playing aggressive moves such as taking cards and routes that they thought

their opponent might need. The intended bene�ts of this were twofold. First, if done well, it

forces the opponent to use up their resources to work around the blocking moves, which ideally

left the opponent unable to complete their objectives by the game’s end. Second, by forcing the

opponent to play reactively, it neutralises the opponent’s information advantage as the opponent

would be less concerned about the gaze-tracked player’s secret objectives. This was a high-risk

strategy, as the player attempting it had less information available to them to know whether

their aggressive moves were, in fact, obstructing their opponent’s plans.

Simulation Deception Strategies

As well as hiding their true intentions, players sought to actively mislead their opponent through

various kinds of Gaze Misdirection (3), a speci�c example of which was Decoys (16). Players

also used Gaze Camou�age (4) strategies to create a false impression about the meaning of their

actions.

Gaze Misdirection

Players attempted to give their opponent a false idea about what they were thinking by exhibiting

behaviour that was consistent with an imagined alternative plan. For example, the player might

stare at a route they think the opponent wants to build on, to scare them into thinking they will

be blocked; this was intended to induce a degree of panic and to keep them from noticing the

player’s real plans. At times, players would take this further by alternating �xations between

the route and a face-up card of the matching colour, to heighten the impression that the player

was planning out their own construction, rather than idly looking at the map.

Decoys

A common sub-case of gaze misdirection was the use of decoy paths and is the most common

deception strategy employed. Players who employed this strategy chose a set of cities far away

from their real objectives, and repeatedly traced a path between them to give the impression that
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they were planning to build there. The decoy was usually chosen at the beginning of the game,

shortly after the player had received their real objectives. Players typically watched out for their

opponent building on their decoy path, and took this as con�rmation that they had deceived the

opponent. For the disinformation to be e�ective, however, the enemy must know how it is being

accepted and interpreted by the target [113].

This strategy appears to be the most e�ective, particularly as opponents showed a degree of

con�rmation bias in their observations. Typically, the opponent expressed an early suspicion

about one or two locations that the CA-GU player had looked at, and subsequently, they would

notice any time the player’s gaze overlapped that point, while being less alert to other areas that

the player was looking at. This meant that opponents who were deceived by an early decoy often

remained distracted by it, even after the CA-GU player has moved on from the decoy. Below is a

chronological example from Session 17 (P17B):

[03:09] “She’s really focusing on Pittsburgh.”

[05:57] “I’m still convinced she’s going to go Pittsburgh somehow. She won’t stop looking at

Pittsburgh.”

[08:39] “She wants to do a loop down underneath. I just don’t know how she plans to get to

Pittsburgh after that.”

[09:02] “Ok now she wants to get to Pittsburgh from here” [after opponent claimed Helena to

Denver route]

[11:49] “I still think she is trying to get to Pittsburgh.”
[12:46] “Maybe she didn’t need to go Pittsburgh at all.” [after opponent started to take new

ticket cards]

Gaze misdirections and decoys became less e�ective as the board �lled up with claimed routes,

as these were taken as more reliable evidence of the players’ intentions than the gaze tracking.

To counter this, there are instances where CA-GU players even spent resources to claim a route

along their decoy path, just to sell the idea that they were planning to build there.

Gaze Camou�age

Players used elements of the game board as cover for their real point of attention. This corre-

sponds to repackaging in Bell and Whaley’s typology [28]. This strategy involved the player
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�xating for an extended period on routes that had already been claimed, to give the impression

that they were considering this existing network, when in fact they were using their peripheral

vision or brief side glances to plan a new path on nearby unclaimed routes. At other times this

was done with elements outside the main game board, such as the cards around the outside. In

some cases, the player appeared to be unaware that their face was turned towards the intended

“cover point” but their eyes were still directed at their real goal, so the deception was unsuccessful.

Discussion

Players demonstrated a deep understanding of how to utilise gaze visualisation and their added

knowledge about their opponent’s plan. This went beyond simply discerning the opponent’s

intended paths and blocking them. A common tactic was to plan the timing of an action based

on its proximity to the opponent’s gaze: if the player saw the opponent looking in the vicinity of

a path they wanted, that path became the player’s �rst objective; other paths were de-prioritised

relative to their distance from the opponent’s area of focus. If the opponent’s gaze was far away

from all of the player’s goals, the player was more likely to build up resources and bide their

time before claiming any routes, allowing them to play in an e�cient manner that avoided

signalling their own plans to the opponent. When players were con�dent in their predictions,

they were able to plan for deception. For example, P9A predicted a multi-step path that their

opponent would take, waited until the opponent had built along most of that path (con�rming

the prediction), and then claimed the �nal section at the last moment, forcing the opponent to

take a long detour after they had invested many resources into the original route. Gaze unaware

players were much less likely to engage in such aggressive tactics, as they were less con�dent

that their actions would be in the to stop or disrupt their opponent.

The bene�ts of the gaze visualisation were o�set by a cost in players’ time and attention. Players

reported that the visualisation was distracting, and made it hard to concentrate on planning

their own strategy: "If my task is only to predict my opponent’s moves, that would be substantially

an easier task, especially with the eye tracking. But when you try to make predictions and play

the game with a time constraint, the cognitive load starts to build up." [P2A]. Accordingly, we

observed that players who could see the gaze visualisation spoke less about their own strategy

and more about their opponent. Players who could not see the visualisation were more likely to
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talk about the opponent’s strategy in terms of potential risks and contingencies for their own

strategy. Further, players speculated that the visualisation might be a net disadvantage in terms

of winning the game due to its distracting nature, although most took a guess and mentioned

that it would become more advantageous once players became accustomed to it.

The level of distraction may be partly attributable to the visualisation style. A few players

commented that they would prefer a simple moving dot to the dynamic heatmap used in the

study. The choice of the dynamic heatmap was informed by our prior study [188], in which it

was the most accurately interpreted and second-most preferred visualisation style among nine

formats compared. However, participants in that study were observers of a game rather than

active players. It is possible that a less information-rich visualisation would be more manageable

for players, who need to focus on developing their own plans as well as discerning those of

an opponent. Moreover, the prior study showed substantial variations in preferences between

participants. All in all, this suggests that it would be bene�cial to give players some control over

the gaze visualisation style, such as the ability to change its appearance or switch it on and o� to

manage the �ow of information.

Non-live gaze visualisations could also help to avoid the distraction e�ects observed in this

study. Mechanisms can be implemented to give each player a summary of where their opponent

in an online match has looked, and for how long. For example, in GeoGazemarks, �xations

were recorded and clustered to give a history of a user’s points of interest to support free map

exploration [90]. This is similar in function to the dynamic heatmap visualisation used in this

study, although our heatmap provided a persistent summary only of gaze behaviour over the

past few seconds; this persistent-summarising quality was one of the characteristics for which it

was favoured in our prior study [188]. However, a non-live gaze visualisation would lose some

of the a�ordances that provided for interesting gameplay opportunities found in our study, such

as the use of gaze scattering strategy to distract an opponent.

While our study supports the general consensus of prior literature that gaze visualisations can

be disruptive as well as informative, it also points to an opportunity for game designers to utilise

this as a double-sided resource for players. We provide three examples of how this resource

might be used as a “power up” in online multiplayer games. First, we can provide live information

about where an opponent is looking, at the cost of distracting visual noise and the risk of being
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misled by false signals. This can also take the form of non-live gaze visualisations, giving the

player a summary of the opponent’s gaze but leaving open the possibility that the opponent had

manipulated their gaze to be deceptive. Second, we can limit where gaze visualisations appear;

either activated by the player, activated arbitrarily (such as on a timer), or activated by other

gameplay systems (for example, only appearing in areas that the player has previously explored,

similar to fog of war in concept). Allowing the player to see gaze visualisations in only part of the

game could leave them with a strategic choice of whether to seek further gaze information, at the

potential cost of distraction, or allow themselves to be oblivious to their opponent’s gaze. Third,

we can use awareness of gaze sharing as a game resource, so that under certain conditions a

player is noti�ed when their opponent can see their gaze, allowing them to undertake deception

strategies.

Generalising the implications of this study to other types of games should be done with caution,

however. Ticket to Ride was chosen as an appropriate game for gaze sharing as it is turn-based

and both players see a largely identical screen, so they can watch each other taking turns. These

qualities are common to many digital board games, but are not present in many popular genres

of online games. For example, in a real-time strategy game such as Starcraft, players scroll across

a game map that is larger than the boundaries of their screen. A gaze visualisation for this kind

of game would have to be anchored to the in-game location that a player is observing, rather

than just the coordinates on the screen. This would reduce the amount of time each player spent

observing their opponents’ gaze, as it would allow them to monitor gaze activity only in areas

they are concerned with, or only in areas they have previously explored (as in fog of war). A

player may deduce, for example, that their opponent is not launching an attack as long as their

gaze activity is isolated to the area of their own base. However, in a real-time game such as this,

we assume the level of distraction caused by gaze visualisation would be even more acute than

in a turn-based game as players do not have time to sit and think.

Players were successful in devising deception strategies that reduced their opponent’s prediction

accuracy about their plans, but also found degrees of di�culty in maintaining them (in line with

[205]). All of the strategies we observed were conceived independently by the players, without

suggestions from the researchers, and the stated inspiration behind many of the strategies was

the player’s own experience of observing the gaze visualisation. Players were largely successful
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in converting their own experience into an accurate enough model of their opponent’s thinking

that they could implant a false belief about their strategy, or disrupt the prediction process in

other ways. This demonstrates the application of Theory of Mind, as the ability to deceive is

considered one of its hallmarks [151].

The e�ects of gaze visualisation were most pronounced in the early stage of the game. This was

true both for the ability to make predictions and for the ability to deceive the opponent. At this

stage, gaze data is a relatively clear signal, as there is little other information available in the

form of routes claimed on the board. As the game progresses, deception through altered gaze

behaviour becomes more di�cult, as the accumulation of claimed routes on the board provides

stronger evidence of intention than gaze behaviour. Claimed routes act as a costly signal due to

the investment of resources involved, and so where there is a mismatch between routes and gaze

(lack of correspondence, in Levine’s terms [152]), the gaze information is ignored in favour of

the route information.

This study extends prior work (e.g [188, 205]) by demonstrating that human subjects can make

long-term predictions and employ deception given the ability to visualise gaze for longer dura-

tions. However, players commented that they lacked the attention and memory capacity to fully

utilise the information that was theoretically available to them through the gaze visualisation.

From our human observations, we found that players in our study ignored large areas of the

board (e.g. whole left side) when they could see that their opponent was not looking at it. Based

on their comments, it is apparent that this ability to triage the board on a wide scale was a

substantial part of the competitive bene�t players derived from gaze visualisation, comparable

at least to the more �ne-grained prediction of speci�c routes. We believe that future gaze-aware

systems can do the same, by ignoring elements that are irrelevant to minimise computational

cost. Our study also showed gaze enabled players to make earlier and more accurate predictions,

which have positive implications for automated plan recognition systems [233]. Researchers

have demonstrated that systems that can predict intentions based on gaze patterns [108], but

beyond the question of how well computer systems can predict human intentions through gaze,

there is the question of whether these systems could detect deception in human gaze behaviour,

and distinguish “true” intentions from false.
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Limitations

Whereas our previous studies have looked at gaze interpretation by passive observers (spectators)

[188], this study involved gaze interpretation by active players. This allowed players to forestall

their opponents’ plans, potentially changing the outcome. As a result, a degree of human

judgement was necessary to determine whether predictions were accurate at the time they were

made, as players sometimes had to deviate from their original plans due to events in the game.

Players used a combination of the gaze visualisation and in-game actions for their predictions,

and we did not discriminate between guesses that were largely informed by one or the other.

During the study, players were prompted for their predictions only when they had been silent

for a period of time, rather than at regular intervals; this helped to preserve the naturalistic �ow

of gameplay, but meant that prediction intervals varied between players and rounds. Asking

for predictions at �xed intervals would standardise the results and allow a more standardised

comparison between conditions and players, at the cost of a somewhat more arti�cial gameplay

experience. Conversely, our results are subject to the experimental design—prompting players to

make inferences about their opponents’ strategy is likely to have in�uenced how they reasoned

about the game, to at least a small extent.

Conclusion

In a lab study of an online strategy game enhanced with one-way shared gaze visualisation,

we found that players were able use gaze visualisation to improve their ability to predict an

opponent’s intentions. Players were also able to alter their own gaze behaviour deliberately to

hide their true intentions and convey false impressions, to a degree. We de�ned a typology of

gaze-based deception strategies, which re�ects the general theory of deception [28]. However,

this deceptive behaviour required sustained e�ort, and players could not prevent some of their

intentions from ‘leaking’ to the opponent through their gaze. Players found this gaze-based

deception task to be challenging and engaging, and we have identi�ed several avenues that may

be fruitful for game design to explore.

End of Published Paper
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5.3 Addendum: Further Analysis and Discussion on Deception

Due to the length limitations of the published paper, we excluded our comparative analysis

of the gaze data collected under natural and deceptive conditions. In the Experimental Setup

section of the paper, we stated that we logged the gaze data during the session for both players.

Using this data, we can determine whether the gaze behaviours of players di�ered based on their

awareness of being tracked by analysing its features. With reference to Figure 5.2, we compared

the the gaze data from the Gaze Unaware-Condition Unaware (GU-CU) players in Condition 2

and the Condition Aware-Gaze Unaware (CA-GU) players in Condition 3. For this analysis, we

have chosen not to compare using the gaze data from Condition (Baseline) from either player as

they might still be learning how to play the game and, therefore, might have exhibited di�erent

eye movement behaviours such as longer �xations as they process new information visually.

Figure 5.4: Deception Analysis. Comparison of �xation duration in seconds and �xations counts on
ground truth for the natural gaze (CU-GU) condition and the deceptive gaze condition (CA-GU).

Our �rst measure compares the amount of time the players (CU-GU and CA-GU) on average

looked at the routes they eventually claimed, while the second calculates the number of times

they �xated on them. The rationale behind this measure is that in ‘normal’ conditions, players

would look more at the routes they intend to claim, whereas players who were aware that their

opponent is watching their gaze would avoid looking at the routes that are part of their plans.

This comparison is to objectively show the types and magnitude of deceptive gaze behaviours,

and to demonstrate whether deceptive behaviours can potentially be detected using features.

As shown in Figure 5.4 above, we found that on average, players not only looked less at their
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routes when they were aware that their opponent was watching their gaze, but also less frequently.

A Wilcoxon Signed-rank test shows that there is a signi�cant e�ect of the awareness (W=358,

Z=3.547, p<0.01, r=0.56) with players �xating on the ground truth routes longer when they were

not aware that their opponent was watching their gaze. The median �xation duration for the

CU-GU and GU-CA conditions were 27.2 and 11.2 seconds, respectively. We observed a similar

e�ect for �xation counts. A Wilcoxon Signed-rank test shows that there is a signi�cant e�ect of

the awareness (W=373, Z=3.88, p<0.01, r=0.61). The median �xation count of CU-GU and GU-CA

conditions were 89 and 32, respectively. These results support several gaze-based deception

strategies where players avoided looking at routes and cities that were of interest to them—for

example, Gaze Averting and Gaze Scattering.

Further, we analysed players’ gaze behaviours on other Areas of Interest, for example, �xations

on their own cards, the opponent’s pro�le, their own pro�le, cards available for collection,

non-ground truth routes, and gaze points that were outside the screen. However, we did not

�nd any signi�cant di�erences regarding �xations between the two conditions except �xations

on the ground truth routes as highlighted previously. Although not statistically signi�cant, we

did note a marked increase in the length of time players spent looking outside the screen in

deceptive condition than in the natural condition (30%, i.e. approximately 6 minutes versus 17%,

i.e. approximately 3.5 minutes of average gameplay time). Such di�erences indicate strategies

where players attempted to ‘hide’ their true intentions by not looking at the screen at all, such

as in Gaze Camou�age. Then again, it is also possible that the players were looking outside the

screen more as they were engaged in a conversation with the researcher.

The above results indicate that the monitored players exhibited altered gaze behaviours as did

not want their opponent to know which routes they were considering in the deceptive condition.

The acts of looking outside the screen more, averting their gaze (looking at their ground truth

routes signi�cantly less), and doing so signi�cantly earlier than actually claiming the routes are

at least three ways the players were deceptive using their gaze. These results also imply that

players may have formed the intentions of claiming the routes reasonably well before acting on

them, and this can also suggest that players in this game formed and tracked multiple intentions

at the same time—for instance, the player planned for multiple routes for multiple tickets.

Figure 5.5 shows a comparison of low-level gaze features between the two conditions evaluated,
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i.e., the average duration and counts for both �xations and saccades. The rationale behind this

comparison is that players who are aware that their gaze is tracked would glance more on areas

on the board, and therefore shorter �xations and more saccades. In our analysis, we did not �nd

any signi�cant di�erences between the two conditions, which was contrary to what we had

expected. We believed that players would perform signi�cantly more saccades in the deceptive

condition, for example, when employing Gaze Scattering. This �nding suggests that players

looked around the board as “usual” but looked at other areas of the board more than the ground

truth routes, as discussed above. A possible explanation is that simulation (overt, showing the

false) strategies such as Decoys would produce similar low-level gaze features to actual intentions

in the natural condition. However, this is di�cult to analyse as players could have adopted

multiple gaze-based deception strategies simultaneously, further, display natural gaze behaviour

as when they play out their own strategic plans.

Figure 5.5: Comparison of gaze features between the natural and deceptive conditions.

Our �ndings so far show that we can potentially detect gaze-based deception, but this requires

further investigation moving forward (e.g. comparing gaze patterns). Players in our study typi-

cally avoided looking at their true intentions (using both dissimulation and simulation deception

strategies), and this is re�ected in the data to some degree. On designing online systems that

use human gaze for intention recognition, the likely assumption is that humans would behave

rationally, including ‘looking’ at the interface or environment naturally. However, as shown, the

awareness of being tracked can lead to changes in behaviour. Further, there are additional factors

that could introduce uncertain and irrelevant gaze data, such as talking to other interlocutors or

scanning the environment (no intentions), and this should be taken in to account as well.
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5.4 Chapter Summary

This chapter demonstrates that gaze awareness can improve the capacity of human players to

perform intention recognition in a competitive game setting—answering sub-research question

RQ1. However, we found that although the human players in the study can improve their capacity

to recognise the intentions of their opponent using gaze visualisation compared to when no gaze

was shown, they are limited by their individual capabilities and can be subjected to gaze-based

deception if their opponent was aware that their gaze was being watched. In majority of the

games, the increase in either awareness led players to alter their strategies in ways that are

detrimental to the player’s own strategy. Moreover, considering that the gaze visualisation took

their attention away from the game, we can argue that the increased capacity to infer intention

using gaze visualisation may not be the best approach for revealing intentions. Nevertheless, gaze

awareness added a novel aspect in our setting, and in general, players enjoyed the experience of

being able to see what their opponents are looking to derive their intentions during gameplay.

Furthermore, employing gaze-based deception strategies also added an e�ortful and challenging

aspect for players. The knowledge of being watched led to changes in gaze behaviour and

strategy—dissimulation (hiding their true intentions) or simulation (conveying false impressions)

or both. Then again, through our subjective and objective measures, we found that employing

deceptive behaviours required sustained e�ort (in line with previous work [205]). Therefore,

intentions were still ‘leaked’ to the opponent through their gaze, mostly occurring when players

are planning or playing out their strategy. However, we note that it is often di�cult to distinguish

between true and deceptive behaviours, as ‘deception detection’ happens after the fact [152].

At the end of the previous chapter, we brie�y mentioned that we have begun putting together

a planning-based arti�cial agent that predicts the potential intentions of players based on the

games used to generate the stimulus. After all, one of the thesis aims to increase an arti�cial

agent’s capacity to infer intentions by introducing gaze into its planning process for them to

be better collaborators. In the next chapter, we will evaluate the robustness of the agent using

both the data from the natural and deceptive conditions from this study as our next step. This

transition is illustrated in Figure 5.1 in the introduction to this chapter, which summarises how

this study informs the next part, Part 2, where we focus on the evaluation of the arti�cial agent.
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The problem with the designs of most engineers is that they

are too logical. We have to accept human behavior the way it

is, not the way we would wish it to be.

– Donald A. Norman, The Design of Everyday Things (1988)

6
Study 3: Intention-Aware Gaze-Enabled

Arti�cial Agent Evaluation
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6.1 Introduction

This chapter presents the evaluation of the prototype of an arti�cial agent that combines gaze

and observable actions to perform online human intention recognition. The prototype agent

is conceptualised, built and evaluated on the data sets and knowledge accumulated from the

two previous chapters which evaluated the performance of humans using gaze for intention

recognition (Chapters 4 and 5). The development of the prototype agent is part of an ongoing

collaboration between the Interaction Design Lab and the Arti�cial Intelligence and Autonomy

Lab at The University of Melbourne, which aims at improving interactions between humans and

agents through multimodal input1. Together, we initially published the model, along with its

conceptualisation and initial results in the following peer-reviewed publication: [224], and later

published an extended version the paper in the following peer-reviewed publication: [225].

In the previous chapter, Study 2, we showed that human players could increase their intention

recognition capacity when shown the gaze of their opponent through the game. However, the

additional layer of information increased their cognitive load, which resulted in no net gain in

performance in terms of win rates. Hence, we propose that the task of gaze-based intention

recognition could be delegated to an arti�cial agent instead, as we can argue that humans are

limited in their capability to fully utilise the information that was theoretically available to them.

In the �rst half of this chapter, we present the implementation details of our prototype gaze-

enabled arti�cial agent built as part of this thesis, including related work. In the second half, we

evaluate whether the arti�cial agent can improve its capacity to recognise human intentions

with gaze as with the human players, bringing us to our second sub-research question, RQ2.

RQ2: Does gaze awareness improve the capacity of an arti�cial agent to perform

intention recognition?

As shown in Figure 6.1, this study employs the labelled data sets from both previous studies to

answer RQ2. The data set from Study 1 served as a starting point for the construction of the

agent model with promising results. The data set from Study 2 with multiple conditions allow us

to evaluate the agent’s capacity to perform intention recognition thoroughly, i.e., not only using

natural gaze behaviours as priors but its robustness against deceptive gaze behaviours as well.
1https://cis.unimelb.edu.au/agentlab/human-agent-collaboration/
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Figure 6.1: Part 2 (Study 3) focuses on evaluation of the agent model to be used in Part 3.

The two comparative evaluations performed in this study are as follows:

– First, we compared a model-based approach using only game-state data (Model Only) to

the same approach enhanced with gaze-based priors (Gaze+Model). The results in Study

2 showed that gaze awareness could improve a human player’s capacity to recognise

intentions when compared to a baseline, where no gaze visualisation was shown. Here,

we make the same comparison to evaluate whether this is the same case for the agent.

– Second, we compared the intention recognition performance of the agent against the

performance results of the human players in Study 2 to determine if the agent outperforms

the human player in recognising intentions. In Study 2, we found that players that are

aware that their gaze is being watched would manipulate their gaze to hide their intentions,

resulting in a lower intention recognition performance by the observing opponent. Hence,

we further compared the performance using the data from both the natural and deceptive.

As with human players, the results show that intention recognition is possible from just inferring

from the observable in-game actions along with the state of the game, but can be improved with

gaze information (especially when no in-game actions have taken place). However, as discussed,

humans players can be subjected to con�rmation bias [191], especially they �xate on a prediction.

The �rst comparison showed that although the Model Only approach was reasonably successful

at predicting intentions, the model with the addition of gaze as priors—Gaze+Model—resulted

in not only more accurate predictions but also earlier predictions—answering RQ2. From our
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observations in Study 2, we found that players ignored large areas of the board (e.g. whole left

side) when they could see that their opponent was not looking at it. Based on their comments,

it is apparent that this ability to triage the board on a wide scale was a substantial part of the

competitive bene�t players derived from gaze visualisation, comparable at least to the more

�ne-grained prediction of speci�c routes. Similarly, the arti�cial agent with access to the gaze

data reduced its search space by‘ignoring’ the irrelevant elements and parts, which resulted in

no additional computational execution cost despite the addition of gaze into its planning process.

The second comparison found that the agent outperforms the human players in performing

intention recognition in both the natural and deceptive conditions from the previous study. We

believe this is for two reasons. First, the agent has the sole task of providing the best plans

possible using gaze as priors. Second, the agent can calculate features such as �xation counts

and lengths, essentially �ltering out the ‘noise’ from the natural constantly moving gaze point,

which allows the accurate mapping on the areas of the game where the opponent is interested

in. Hence, in the deceptive condition, it is likely that the true intentions of players still ‘leaked’

across, despite their attempts to manipulate their behaviours deceptively to hide them.

However, we note that the current iteration of the agent model, being an early prototype, does

not perform well in all cases, such as when intentions are not sustained for long. Moreover, the

evaluation of the agent’s performance is based on the number of top plans it generates, in our

case, the top 10 plans. This consideration is because the top plan might not be one that the human

player is currently contemplating. During the game, the state of the game and the resources the

players can obtain to carry our their plans in�uences their planning process, including what

part of the plan they are executing and which plan. Therefore, it is common for players to kept

their primary goal in their mind while constantly seek out alternate plans throughout the game.

More importantly, this chapter demonstrates a working ‘intention-aware’ arti�cial agent with

the capability to perform real-time gaze-based intention recognition for the next part, Part 3,

where operationalise the agent for human-agent collaboration in a competitive gameplay setting.

In the following section, we further augmented our review of the literature on gaze-based inten-

tion recognition using machine learning approaches (Section 2.5) with related work that informs

our model-based planning approach to enable our arti�cial agent to infer human intentions.
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6.2 Related Work and Approach

Recent studies have successfully used automated planning for model-based intention recognition

of intelligent agents [196, 204], including some preliminary studies that highlight its potential

for human intention recognition in simple tasks such as shape drawing [245]. In these works,

the recognition approach uses an automated planner to generate two plans for each potential

intention: (1) a possible future trajectory that achieves the intention while corresponding to

some sequence of already performed actions; and (2) the optimal plan for this intention that does

not correspond to the already performed actions. Plans that are closer to the optimally-computed

plans are deemed as more likely to be a rational ‘�t’ for the intention, and therefore more likely.

Earlier in Section 2.5, we covered several machine learning approaches for gaze-based intention

recognition—all of which are viable approaches for our work. A model-based approach, however,

presents an interesting and alternative way to perform intention recognition, that is, to use a

model of the possible behaviours to perform a forward projection of candidate plans—starting

from a sequence of recently-observed behaviours and to identify those plans that best �t the

observations. Most existing works in this area use plan libraries for candidate plans, and assess

how likely it is that the observed sequence of behaviours is a good �t for the pre�x of such a plan.

Many models of plan libraries have been investigated, such as Hidden Markov Models (HMM)

[32] or belief networks [107] (see Sukthankar et al. [233] for a summary of existing approaches).

A downside of using plan libraries is that they require a set of potential plans for the other agent;

which may be both prohibitively large, but also in�exible if the observed agent deviates from this

set. Alternative approaches use concepts such as action models to temporally project possible

agent plans into the future, essentially generating a set of candidate plans at runtime. Such

models use belief-desire-intention plans [235] or planning models [204, 245]. For the purposes of

this chapter, we refer to intention recognition as planning [150] interchangeably. Here, the set

of candidate plans is not generated a priori, but instead, a planning tool is used to generate the

set of possible plans that correspond to the observed pre�x, and to assess their likelihood.

Ramirez and Ge�ner [204] solved the problem of needing plan libraries by generating two plans

for each possible intention: the optimal plan for the intention in which the observed sequences

of actions are satis�ed by the plan; and the optimal plan for the intention in which the sequences

are not satis�ed. Their approach then determines the probability of seeing these observations
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for the intention by measuring the di�erence between the two plans, and using Bayes rule to

determine the probability of the goals, given some prior distribution over the goals.

More recent work simpli�es this approach to reduce its computational burden. Vered, Kaminka,

and Biham [245] extends Ramirez and Ge�ner [204]’s approach for online intention recognition.

Instead of generating an optimal plan that does not satisfy the observations at each time step,

they generate a single optimal plan for each intention, and then at each time step, generate a plan

that satis�es the observations, and take the ratio between the cost of the original non-satisfying

plan with the satisfying plans as a score, normalising these scores to get a �nal probability

distribution. Masters and Sardina [166] independently make a similar observation for intention

recognition in path planning, using the cost di�erence between the optimal plan that satis�es

the observations and the optimal plan in general, thus also avoiding calculation of plans that do

not satisfy observations. However, they show that for path planning (not task planning) can be

calculated without considering the observations at all. They prove that the ranking of goals can

be achieved by knowing only the agent’s start point, potential goals, and its current location.

In this work, we hypothesise that incorporating gaze data to form a prior probability of these

intentions can improve the agent’s capacity to predict intentions, especially in terms of accuracy.

Hence, our proposed approach is �rst to use automated planning techniques to generate candidate

plans by observing the in-game actions of the observed human player. Then, as the human gaze

is intrinsically linked to action [144], observing gaze over time can indicate their intentions (as

found in the �rst part of this thesis). The agent can then combine the candidate plans and the

in-game actions of the user are then combined with the user’s gaze distribution (as priors) to

generate a probability distribution of possible intentions.

There are several further reasons why we favoured a model-based planning approach for our

prototype arti�cial agent. Firstly, aside from not having su�cient data to train machine learning

models for use in our context, we wanted our approach to be generalisable to other scenarios

and therefore chosen only low-level gaze features (e.g. �xation-based features) as a �rst step.

Previous studies included high-level gaze features (or interface-based features e.g. total no. of

visited areas) as part of their feature set, which requires the knowledge of the interface [26].

Hence, in theory, our proposed model only needs to know the coordinates of the objects in other

contexts to work. Second, a model-based planning approach allows us to interpret how the
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model made its predictions (i.e. ‘white-box’ approach), such as knowing which data that was

used by the model to understand its decisions. Third, prior work has found several reasons why

humans prefer working with an agent through planning, including the perceived reduction of

cognitive load, and the ability to maintain situation awareness for short-term tasks [182].

6.3 Model

In this section, we outline our model-based approach, which consists of two independent com-

ponents that form the input of our intention recognition algorithm: (1) the gaze model that

processes the gaze information to determine the probabilities of di�erent intentions; and (2) the

planning-based model, which takes an action model and an observed sequence of actions, and

determines the probability of intentions based on how well they �t the observed sequences.

6.3.1 Problem Formulation

We ground our problem on similar de�nitions based on intention recognition as planning [245].

Informally, there is a set of possible intentions that the observed agent can achieve, a set of actions

that can be used to achieve it, and a set of observations we receive. The intention recognition

problem is to determine the likelihood of the di�erent intentions given the observations. In this

context, observations are divided into two categories: (1) ontic actions; and (2) gaze actions. Ontic

actions are those in which the agent under observation modi�es the (physical or virtual) world

[179]. Gaze observations are those in which the agent under observation is looking at ‘regions’

of the world, in which the regions are related to ontic actions. In our setting, gaze actions occur

when a player is looking at di�erent routes and destinations, while ontic actions occur when the

player claims a route between two cities—which modi�es the state of the game (or world).

Formally, an online goal recognition problem R is a tuple:

R = 〈W, s0, I, A, G, Oa, Og〉.

W is the world in which the agent operates, s0 ∈W is the initial state of the observations, I is the

possible set of goals/intentions, A is the set of ontic actions available to achieve the intentions,
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G is the set of possible gaze actions, Oa is the sequence of ontic action observations (made up of

actions from A), and Og is the set of gaze observations (made up of observations from G).

This model aligns with Pacherie [195]’s model of intentions, who argues that there are three

types of intentions:

1. Distal intentions (D-intentions), which are the long-term intentions of the agent and

when achieved, generally terminates the agent’s practical reasoning process,

2. Proximal intentions (P-intentions), which are short-term intentions that an agent de-

rived to help achieve D-intentions,

3. Motor intentions (M-intentions), which are the grounded motor actions used to achieve

D-intentions.

In this work, we have not considered M-intentions; however, we note that this model aligns with

the notions of D-intentions and P-intentions: D-intentions are the set of potential intentions I,

and P-intentions are the actions A. As such, the set of intentions in our work is the set Ξ = I ∪ A.

That is, an intention is either an intention to achieve an end state or an intention to execute

some action in the future. This aligns with Bratman’s notion that ‘intentions that’ the world is in

a particular state (a goal) expresses an intention around the world, while ‘intentions to’ perform

an action express an intention about an action [36].

A solution to the problem R is a probability distribution over the set of possible intentions Ξ

indicating the likelihood of the agent ful�lling each intention, based on the observations Oa and

Og. For the remainder of the chapter, when we discuss intentions, we mean the set Ξ. From a

modelling perspective, we can treat all intentions as actions, and have dummy terminal actions

for each intention in I that correspond to that state being reached.

In this model, we assume a basic action model or STRIPS-like model of ontic actions [88], where

each action is associated with a cost, have a unique name, have preconditions that determine

under which worlds in W they can be executed, and e�ects that describe the changes made to

W. Gaze actions have a �xation count that de�nes the number of times this gaze action was

performed, and �xation length, which de�nes the time for which this gaze action was performed.

The computational problem is to determine how well the possible trajectories possible by se-

quences actions from A correspond to the observations seen so far (Oa and Og). Assuming that
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the actor aims to behave rationally, then intuitively, the similarity between the observations and

the pre�xes of the trajectories represents the likelihood of taking those trajectories—a rational

agent will prefer cheaper plans over more expensive plans. From their P-intentions, we can infer

the likelihood of their D-intentions. In this work, we further extend the related work to combine

it with gaze data with the aim of improving the accuracy of the predicted intentions.

6.3.2 Intention Recognition

We divided our intention recognition approach into three steps, according to the di�erent types of

action observations. First, the approach uses the gaze observations to determine the probabilities

of di�erent intentions computed using �xation-based features. Second, independently of the

�rst step, a model-based intention recognition approach is used to determine the probability

of observing future trajectories of actions based on past observations. Finally, these two are

combined to give �nal probabilities over the possible intentions. This separation of the two

approaches supports online intention recognition that can incorporate new gaze data observations

as they become available, without having to perform the expensive planning process again.

Combining Gaze and Planning

We �rst present the �nal step of our approach, which forms the backbone of the model. Our

�rst observation is that the two types of observations can be treated independently, primarily

because they describe two di�erent types of actions. Gaze actions tell us about the possible

future intentions that the human under observation is considering. Provided the person is not

attempting to deceive the opponent using their visual behaviour; they will typically look at

the regions that they are considering for future action more than those that they have already

executed. In Ticket to Ride, the player would be more likely to gaze upon areas in which they

are considering as possible routes, and when they perform the ontic action of connecting a

route between two neighbouring cities, we can hypothesise that they are highly likely to look at

that region immediately before connecting them. That is, they do not plan their actions blindly.

Further, we assume a uniform prior Og and note that techniques that use saliency of images

can be used to obtain priors as well [115]. On the other hand, the ontic action observations are

used to describe intentions that have already been ful�lled. Despite this, they can still be used
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to predict future actions. In our setting, if the goal is to traverse entire paths (building a path

connecting two cities), traversing a particular route indicates an intention that this will form

part of a larger path, thus increasing the likelihood of the routes following the traversed route.

To combine gaze and ontic actions, we propose a simple model that treats the two types of

observations independently initially and then combines them. However, we note the gaze and

ontic actions are not entirely independent of each other: both are driven by the distal intentions

(D-intentions). We model the gaze observations as priors over the chosen trajectories. The

rationale behind this is clear: (1) a person is unlikely to act in any environment without sensing

it �rst, thus gaze data related to particular intentions will almost always occur before any ontic

actions; and (2) a person is less likely to look at parts of the environment with actions that they

have already performed (unless that action can be performed again or is part of a bigger plan).

As such, gaze actions provide a reasonable guide to future ontic actions.

Formally, we can describe the problem as trying to estimate P(i | Oa, Og) for each i ∈ Ξ; that

is, the probability of an intention i given ontic and gaze action observations Oa and Og. In this

model, we assume that gaze actions from Og are excluded once the related intention is achieved,

thus implying that the probability of Oa is not in�uenced by the probability of Og; although the

inverse is not the case—past actions in�uences where people gaze. With this assumption, we can

rewrite P(i | Oa, Og) as follows:

P(i | Oa, Og) = P(Og, Oa | i) · P(i) (Bayes rule)

= P(Og | i) · P(Oa | Og, i) · P(i)

= P(Og | i) · P(Oa | i) · P(i) (Assumption above)

= P(Oa | i) · P(i | Og) (Bayes rule) (6.1)

Thus, the probability of a (P- or D-) intention i, given observed gaze and ontic actions Og and

Oa respectively, is the probability that the observed ontic actions would be taken if i was an

intention, with the prior that i is an intention from the gaze data. Given this model, the remainder

of the problem is how to determine P(Oa | i) and P(i | Og).

For our gaze model, we employed two low-level (or basic) gaze features: �xation length and

�xation count. Bednarik et al. [26] demonstrated that intention recognition could potentially
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work well with a small subset of gaze features. Further, we note how ‘gaze aware’ players

used the real-time heatmap visualisation in the previous study, whereby they observed of how

long and how many times an opponent �xates on an object when predicting plans. Hence, the

knowledge derived from such features could work for our agent as well, at least as a �rst step.

We de�ne a simple model that uses these two measures to de�ne the probability of each intention

being a true intention. Recall from Section 6.3.1 that the gaze-based actions are summarised

using �xation count and �xation length. A �xation is detected by the system when a human

subject �xates on a target area for more than a threshold, for example, 60ms. A single �xation

starts when the subject starts looking at a particular target (an item of interest) and then ends

when the subject looks at another target. The change of the target areas is detected by tracking

the (x,y) coordinates collected by the eye tracker. For each �xation, we maintain a �xation length,

which is the di�erence between the start and end times of each �xation. For each target area, we

maintain the total number of times a user visits the target area, and we refer to these counts

as �xation counts. To cater for blinks (for periods shorter than 60ms), we merge the �xation

lengths if the target being looked at remains the same after and before the blink.

The model of our data is assumed to be as follows. For each intention i, we have a pair:

〈counti, lengthi,j〉, in which counti represents how many times the gaze action corresponding to

intention i was observed, and lengthi,j is a vector of j variables that represent the length of each

gaze action. That is, lengthi,j represents the length of the jth observation of i (1 ≤ j ≤ counti).

We de�ne fsi, the �xation score for intention i as a weighted measure between �xation length

and count:

fsi = log(λ · total_timei + (1− λ) · counti) (6.2)

where total_timei is the sum of the �xation lengths for the intention i (∑i≤counti
i=1 lengthi,j),

λ ∈ [0, 1] is the relative weight given to the �xation lengths over �xation count. Because these

are in di�erent units (time and count respectively), it is likely that total_timei will be much

higher than counti. In practice, we have de�ned counti as the number of times i is looked at

multiplied by the �xation threshold, so the two variables are on the same ‘scale’.

Note the use of the log function in Equation 6.2. Using �xation length and count directly results

in the linear function that increases monotonically. However, people’s intentions change, and
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they adopt new intentions over time. There are at least two options to mitigate this problem.

First, discount the importance of earlier observations using a discount factor; or second, limit

the increase in the importance of target areas as �xation length and count increase. By using the

log function, we adopt the latter approach, which highlights important intentions while giving

priority or importance to new intentions. We choose this approach because a person may stop

looking at potential intentions once concrete plans have been formed, so discounting earlier

intentions could miss important intentions.

Using the �xation weights, we de�ne the probability of an intention i as its �xation weight

normalised against other intentions:

P(i | Og) =
fsi

∑j∈Ξ fsj
(6.3)

where Og is the set of �xation weights for the intentions representing the human gazing at

targets that signal the intentions, and wi is the �xation score for intention i.

Model-based Intention Recognition

Our model-based intention recognition is a simple generalisation of existing approaches of

model-based intention recognition using planning. First, we de�ne πi as a plan that achieves

intention i optimally while folding in observations Oa. That is, πi is a sequence of actions from

A, with pre�x Oa, that executes P-intention i or achieves D-intention i, and where ‘optimality’ is

de�ned by some criteria, such as length or cost of the trajectory. Note that there could be several

such plans. Further, we de�ne Πopt
i as the set of optimal plans that execute/achieve i without

(necessarily) folding in observations Oa.

We can now de�ne the probability of observing Oa if intention i is a given trajectory that achieves

i:

P(Oa | i) = κ · min
πo

i ∈Πopt
i

costdiff (πi, πo
i ) (6.4)

in which κ is a normalising constant and costdiff is a function that evaluates the ‘cost’ di�erence

between two plans.
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Informally, this equation states that the probability of seeing Oa if i is the intention is proportional

to the cost di�erence between πi and the closest optimal plans. Thus, a plan πi that is closer to

an optimal plan is more likely to have intention i. This de�nition may appear strange because Oa

is a pre�x of πi by de�nition (πi folds in observations Oa). However, we are not capturing the

probability of Oa given just the plan πi, but that the intention of πi is to achieve i. Thus, when

assessing πi, if πi is far from the optimal plan, then the person’s true intention is probably not i.

We do not provide a complete de�nition of costdiff here; however, several such measures are

possible, such as the simple di�erence in length, ratio of lengths, or the di�erence between the

speci�c actions in the plans. There are a number of such functions proposed by other researchers

(e.g. [204, 245, 166]). We use a domain-speci�c de�nition, based on ideas from Ramirez and

Ge�ner and [204] and Vered and Kaminka [245].

Implementation

To implement such a model requires us to calculate P(i | Oa, Og) for every potential intention.

This can be computationally expensive. Although our model combines the gaze and planning-

based approaches into a single calculation (Equation 6.1), we note that a step-wise approach that

�rst estimates (i | Og) from gaze actions can have practical value in cases where we may only

care about the higher probability intentions.

Planning-based intention recognition is likely to be (relatively) more expensive than our gaze

model because we must perform an expensive planning step for each intention, whereas the

gaze calculation is performed as a simple weighted sum. To mitigate this problem, a simple step

would be to use the planning-based model only on those intentions that have a high probability

from the gaze-based model; for example, the top N intentions, or intentions with a probability

above some threshold.

Equation 6.4 uses the set of all optimal plans Πopt
i to evaluate how likely it is to see observations

for a given intention. This step is clearly computationally expensive for any non-trivial systems.

As such, approximations that, for example, compute only one optimal plan, may su�ce in many

settings. Alternatively, one could try to �nd the optimal plan that prioritises actions in πi.

An updated version of the model presented above can be found in the following paper: [225].
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6.4 Model Evaluation

6.4.1 Data Set

To evaluate the model, we utilised the labelled data set from the study in the previous chapter,

where we recorded the gaze data and game states of participants pairs as they played the game of

Ticket to Ride against each other under di�erent conditions. For our evaluation, we speci�cally

compare the data from the Gaze Unaware-Condition Unaware (GU-CU) players in Condition 2

(Gaze Viz.) and the Condition Aware-Gaze Unaware (CA-GU) players in Condition 3 (Deception).

Figure 6.2: Labelled data set from Study 2. Each condition consists of the players’ awareness of the
study condition (CA: Condition Aware, CU: Condition Unaware) and their awareness of their oppo-
nent’s gaze (GA: Gaze Aware, GU: Gaze Unaware). See Section 5.2 for more a complete description.

To elaborate, the CU-GU players in Condition 2 was entirely naive the condition, which gives us

a data set of gaze behaviours under natural conditions with ground truths. We have previously

evaluated the performance of the CA-GA players in Study 2, and therefore, we directly compare

intention recognition performance between the agent and the CA-GA players in this study.

In Condition 3, the CU-GA players received the gaze visualisation of their paired CA-GU player

but this time CA-GU player knew their gaze was being tracked. The CU-GA players, naive

to this fact, performed gaze-based intention recognition without knowing that they could be

intentionally misled. This gave us a data set of combined natural and deceptive gaze behaviours

(players still look at things they were related to their goals). Therefore, as described in Chapter

5, though CA-GU players manipulated their gaze behaviour as they were aware that their gaze

was being tracked, their true intentions still ‘leaked’ through.

159



6.4 Model Evaluation Study 3

6.4.2 Gaze Features and Planning

In this section, we brie�y discuss some of the domain-speci�c details of our implementation.

Interface-Based Features: We divided the Ticket to Ride game window into labelled target

areas according to areas of interest (see Figure 4.2), including the areas outside the shared map.

The target areas signal the agent’s intention. For example, if the player is looking at the cards,

they may have formed the intention of picking up those cards; if the player is looking at a route,

the player may have formed the intention of claiming that route. By considering the duration of

the �xation and the number of times the player looks at a particular target, we make inferences

about the likelihood of that intention being carried out. To establish which target was gazed at,

we automated the mapping of gaze coordinates captured by the eye tracker to one of the target

areas. The game state data for each game played was manually encoded this evaluation (e.g.

cards drawn, routes claimed, scores and remaining resources).

Intention Model: We treated each route as a proximal intention (P-intention). Using this, we

were able to construct a modi�ed planning problem that consisted of only the routes that had

been looked at, along with their corresponding probability. This represents the priors for the

planning algorithm. Therefore, in this case, not only did we use the priors as probabilities, but

also to reduce the size of the search problem.

Plan Generation: For each distal intention, the planner generated four di�erent trajectories:

two that fold in the observations and two that did not, corresponding to πi and πo
i respectively

in Equation 6.4. We assume that there would be two strategies for ful�lling distal intentions: (1)

build the shortest route; or (2) minimise the number of moves taken to build a route (that is, also

including picking up cards, etc.). Thus, two plans that fold-in observations are generated — one

for each possible way of achieving the distal intention — and two that do not — again, one for

each possible way of achieving the distal intention.

For simplicity, we do not consider any other distal intentions that are possible in the game, such

as claiming the longest route (which gains points in the game), trying to block other opponents

routes, or actively trying to deceive other players on the intended route. The two former are the

most common in our experience of playing and observing the games in Study 2.

To further simplify the process of planning, we assume that the naive player always has wild
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cards. This means that we do not reason explicitly about the di�erent cards the naive player

has — something that is not observable and non-trivial to estimate. This not only reduces the

complexity of the problem but also reduces the planning process to path planning.

Plan Cost Di�erences In Section 6.3, we did not provide a speci�c de�nition of the costdiff

function. In our evaluation, we implemented a custom costdiff function. To generate candidate

plans, we use Dijkstra’s shortest path algorithm. However, players in the game can claim

individual routes of a path in any order; that is, they do not need to claim the routes contiguously.

Thus, we de�ne the costdiff function based on the number of overlapping routes between the

candidate plan and an optimal plan:

costdiff (πi, πo
i ) = |πi ∩ πo

i | (6.5)

Note that πi folds in observed ontic actions, which include the routes that are already claimed.

The rationale for this that a path with a higher number of claimed routes (of an optimal route)

should be scored higher.

6.4.3 Evaluation Setup and Performance Measures

The system requires a number of parameters. In Equation 6.2, λ = 0.8, that is we prefer �xation

length more than �xation count when computing �xation scores. The standard �xation duration

threshold was set to 60ms. This is the minimum duration a player has to be �xated on a single

target area for the gaze activity to be counted as one �xation. The system generates a list of

inferred intentions (routes), and for our evaluation, we only look at top 10 of the inferred routes,

that is, the top 10 most likely routes the player is likely to choose.

In this study, we conducted two comparisons to evaluate the performance of the agent. First, we

evaluated the di�erence in intention recognition performance with the addition of gaze data.

The results in Study 2 showed that gaze awareness could improve a human player’s capacity

to recognise intentions when compared to a baseline. Here, we make the same comparison to

evaluate whether this is the same case for the agent. We included a parameter to ‘turn o�’ the

gaze data in our implementation, which allows us to experiment with two di�erent models:

the Model Only system that makes inferences based solely on the model-based approach using
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only game-state data and with no gaze data, which serves as a baseline for our study; and the

Gaze+Model system, which is the same but incorporates the gaze data as priors into its planning

process. This system builds a candidate list of plans based on these priors and the in-game player

actions. We then compare the performance of each model using: (1) accuracy; (2) inference

horizon; and (3) computation time. The measures are computed using the ten most highly-ranked

inferences and also using only the most likely plan (sequence of actions).

Accuracy: We employed the same three measures as used in our previous studies to evaluate

the overall success of inferring the ground truth, i.e., the actual moves made by players, rather

than the intentions that they may have.

1. Recall: This measure is the ratio of the number of correct route inferences, and the total

number of routes claimed (ground truth) in each game. When expressed as a percentage,

this shows the success of the system in inferring the ground truths, i.e., the claimed routes.

2. Precision: This measure is the ratio of the number of correct route inferences and the total

number routes inferred, which was �xed at 10 routes per inference.

3. F1-Score: This uses the previous two measures and is computed using: F1 = 2× (precision×
recall)/(precision + recall).

For these three measures, an inference was considered correct if it appeared in the top ten

most highly-ranked intentions, out of a possible 78. For analysis, we extracted the top 10 routes

predicted by the models each time a route was claimed by the observed player and then calculated

the accuracy at this stage. For each, we then computed the average accuracy, and �nally, we

computed and reported the average accuracy over the 20 games.

Inference Horizon: This measures how quickly a correct inference is made and is measured as

the di�erence of time in seconds between when the system makes an inference, and a player

makes the move corresponding to that inference and computing the averages of these times.

Computational Cost: This measures system execution time for inferring the top ten intentions.

Even though the accuracy measures do not consider where a claimed intention was ranked, we

assert that this is still a useful measure, especially in the Ticket to Ride game, because players

will have multiple possible intentions at any one point. Our aim is not to predict the next move,

but the next N moves (in this case 10 out of a possible 78). In games such as Ticket to Ride, other
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factors such as which cards the player holds impact whether claiming a particular route is even

possible. As such, we assert that accuracy is a valid measure for this evaluation.

Second, we compared the intention recognition performance of the agent against the performance

results of the human players in Study 2 to determine if the agent outperforms the human player

in recognising intentions. Further, we found that CA-GU players in Study 2, who that are aware

that their gaze is being watched, would manipulate their gaze to hide their intentions, resulting

in a lower intention recognition performance by the observing opponent. Hence, we further

compared the performance using the data from both the natural and deceptive conditions.

6.4.4 Technical Implementation

To evaluate our approach, we implemented the arti�cial agent using Python plus several Python

libraries such as networkx2 to compute the shortest path between two points. We then utilise

the matplotlib3 and shapely4 libraries to visualise the planning process of the agent in real-time

(e.g. Figure 6.5) and for displaying features (e.g. �xation count and length on cities and routes).

Figure 6.3: Example of opponent plans predicted by the agent. The black lines represent possible
intentions of the opponent while coloured lines represent claimed routes (green: player, red: opponent).
Thickness of the black lines represents the likelihood of the opponent claiming a particular route.

Figure 6.3 above shows a visualisation of the planning process of the agent, where we have

replicated the map of Ticket to Ride using a graph representation. In this example, we show
2https://pypi.org/project/networkx/
3https://pypi.org/project/matplotlib/
4https://pypi.org/project/Shapely/
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the top 10 most likely plans of an opponent during one of the games predicted by the agent.

Each plan, i, is generated using Equation 6.1. The thickness of each route re�ects the number of

times it appears in the top 10 plans. If we consider top 10 plans, we are most likely looking at

a common set of routes and some variations of a plan that a player is considering in the game.

Here, the opponent is going towards the west coast, and either going to Seattle or San Francisco

but via a common set of routes going towards west. When building systems that will convey the

intentions or plans graphically, it makes sense to consider not only the most likely plan but also

top D plans that can capture both, the common actions as well as contrasting ones. While we do

not evaluate the e�ectiveness of this approach, it appears to be reasonable, at least in our setting.

6.5 Results

6.5.1 Performance Comparison BetweenModel Only with Gaze+Model

In this section, we discuss the performance of Gaze+Model system when compared with the

Model Only system. We tested the e�ects of the recognition approach on the dependent variables

with a Welch’s t-test. We tested the data for normality using Shapiro-Wilks tests and did not

�nd any signi�cant violation of normality.

For this comparison, we evaluate the overall success of inferring the ground truth, and we

considered all inferences made up to the point in the game when the player completed their �rst

ticket, as opposed to the end of the round or once they completed all tickets. We did this for

several reasons. First, all players completed at least one ticket, but not all players completed all

their tickets in the data set. For players that completed all tickets, they may not have display

strategic intentions after due to the absence of goals. As observed in previous studies, their

strategies may most likely switch to tactics to reduce their opponent’s score. Second, players

on average completed their �rst ticket 12.4 minutes into the game (SD = 4.9, min = 3.1,

max = 19.5), about partway through the game round (mid-game), and therefore su�cient data

for us to determine if the model can predict (early) intentions. The route built to complete the

�rst ticket often integrate part of the routes required to complete the other tickets, and therefore

the remaining tickets get completed in a shortly after the �rst. Third, to simplify the evaluation

process due to the complexities from the game itself. As players usually have multiple intentions
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(or plans) to complete their goals, players may switch goal completion priorities, such as they

intended to complete Ticket A, but an opportunity arises to complete Ticket B �rst, or that the

players might have abandoned certain plans entirely due to factors outside their control.

Accuracy

We analysed whether gaze data had a positive impact on inference accuracy. Table 6.1 shows the

Precision, Recall and F1-Score for the two systems when using top ten, �ve and the most likely

route respectively. With a Welch’s t-test, we found a signi�cant e�ect of the intention recognition

approach (t(19) = 5.09, p < 0.01, Cohen’s d=1.14) with the Gaze+Model approach o�ering a higher

accuracy (71%) than the Model-Only approach (47%).

Precision Recall F1−Score
N Gaze+Model Model Only Gaze+Model Model Only Gaze+Model Model Only

N=10 0.71 0.47 0.50 0.34 0.56 0.38
N=5 0.63 0.35 0.44 0.24 0.49 0.28
N=1 0.55 0.23 0.37 0.16 0.42 0.18

Table 6.1: Proximal intention prediction for the two approaches.

Figure 6.4(a) shows the percentage of successful inferences of the ground truths when considering

the top 10 potential routes, sorted by the Gaze+Model accuracy scores for presentation purposes.

Clearly, gaze data had a positive impact on the accuracy of the inferences, scoring higher on

accuracy in 16 of the 20 games, and scoring equally on three of the remaining four. Game 2 is the

only game in which the Model Only approach outperformed the Gaze+Model approach, while in

games 1, 8, and 13, the accuracy are the same for both approaches.

While these results could be just statistical anomalies, we note that in these games, it appears that

the players change their intentions rapidly and employ several di�erent strategies, compared to

the other games. Some collect many cards before claiming routes while others claim routes as

soon as they have required cards. Further, in game 2, it is clear that the players are trying to block

the intended paths of each other, which forces a change in intention (and lack of a sustained

intention). Path blocking is an intention that was not encoded in our planner. It appears that

the Model Only system can tackle such situations slightly better than a system that incorporates

gaze data, because in the Gaze+Model system, the gaze data may be noisy and thus not useful.
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Figure 6.4: Comparison of accuracy and inference horizon results for the two models.

Inference Horizon

In this measure, we tested whether the agent with gaze data enabled the agent to perform early

(or fast) intention recognition. Figure 6.4(b) shows the inference horizon for the two approaches,

with a higher inference horizon implying an earlier prediction. These results show that overall

the Gaze+Model system was able to predict the intentions quicker than the Model Only system,

doing so in 17 out of the 20 games. Overall the average prediction horizon of the Gaze+Model

system was 327 seconds (approx. 5.5 minutes) while the horizon for the Model Only system was

signi�cantly lower at 233s (approx. 3.7 minutes). This early prediction is illustrated in Figure 6.5.

With a Welch’s t-test, we found a signi�cant e�ect of the intention recognition approach (t(19) =

3.31, p < 0.01, Cohen’s d=0.74) with the Gaze+Model approach recognising intentions earlier (327s)

than the Model-Only approach (233s). For reasons outlined in Section 6.5.1, in games 1, 2, and 3

the Model-Only approach performs better. The post-game analysis reveals that blocking results
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Figure 6.5: Visualisation of arti�cial agent performing early prediction using with gaze.

in rapidly changing intentions and players tend to act almost immediately. As this chapter’s

purpose is to determine whether the agent can improve its intention recognition performance

with gaze, we leave the exploration of strategies to mitigate these instances for future work.

Figure 6.5 exempli�es a game where the agent performs well early in the game and, also at

di�erent intervals. In this example, the agent has already made some predictions solely based on

gaze data, just under a minute into the game. A minute after, at two minutes, we can see that the

agent became more con�dent in the prediction once the player (opponent) has claimed a single

route in the south (in red). At about ten minutes into the game, we can see that the agent did in

fact successfully predict the overall plans of the player very early in the game through their gaze.

Computational Cost

This measures shows that the cost of the two approaches was similar. With a Welch’s t-test, we

found no signi�cant e�ect of the intention recognition approach (t(620) = 0.83, p = 0.41, Cohen’s

d=0.14) with the planning times of the Gaze+Model approach (M = 76ms, SD = 40ms) being

similar to the Model Only approach (M = 79ms, SD = 24ms), a positive result in our case.

Overall, the results so far showed that incorporating gaze into intention recognition was e�ective,

at least in Ticket to Ride. The results show that adding gaze-based priors to model-based intention

recognition more accurately determined intentions, determined those intentions earlier, and at

no additional cost; all compared to a model-based-only approach. However, the results also show

that improvements can be made, particular, when the players’ intentions changed rapidly.
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6.5.2 Performance Comparison Between Human Players and Arti�cial Agent

In this section, we compared the intention recognition performance results from the data set

against the performance of the agent to determine if the agent outperforms the human player in

recognising intentions. In Study 2, we found that players that are aware that their opponent is

watching their gaze would manipulate their gaze to hide their intentions—resulting in a lower

intention recognition performance by the player. Hence, we further compared the performance

of the agent for the deceptive condition as well.

Human Players Arti�cial Agent (Top 10 Plans)

Condition Precision Recall F1-Score Precision Recall F1-Score

Natural 0.48 0.34 0.39 0.74 0.59 0.64
Deceptive 0.41 0.28 0.31 0.60 0.59 0.59

Table 6.2: Performance comparison between human players and arti�cial agent for the natural and
deceptive conditions.

As shown in Table 6.2, the arti�cial agent is not only able to make more accurate predictions

than the human players in the natural condition but also in the deceptive condition. We ran

a Welch’s t-test for both conditions, and we found a signi�cant e�ect of between the human

players and the arti�cial agent for the natural condition (t(19) = 4.98, p < 0.01, Cohen’s d=1.11)

and the deceptive condition (t(19) = 5.03, p < 0.01, Cohen’s d=1.13). The arti�cial agent performed

better in 16/20 games in the natural condition and 18/20 games in the deceptive condition.

These results suggest our approach of using a model that combines gaze and ontic actions is

robust to deceptive, at least in the context of the Ticket to Ride game. The results also suggest

that gaze is intentional, and in our study, players still signalled their game-related intentions

even though they attempted to deceive their opponents through various gaze-based deceptive

strategies. To some extent, this could be related to the time- and resource-related pressures or

opponents’ moves that may have to lead the players to let their ‘shields down’, and thus to give

away their true intentions as they still needed to carry out their own plans.

Though we did not empirically investigate the contribution of the ontic actions to the success of

the Gaze+Model model, the results indicate that the success of the model can be attributed to

the use the non-deceptive ontic actions. This means that players must eventually signal their

intentions with ontic actions if they want to achieve their goals, and being too deceptive with

their actions would cause the player to waste valuable moves and resources.
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6.6 Chapter Summary and Conclusion

In this chapter, we present a novel approach that combines gaze and model-based online intention

recognition to infer the intentions of human subjects. Our approach uses gaze data to build

probability distributions over a set of possible intentions, which are then used as priors in a model-

based intention recognition algorithm (P-intentions to make inferences of the D-intentions).

The performance results show that gaze-based priors signi�cantly improves the accuracy and

quickness (horizon) of the inferences when compared with classical model-based approaches.

Moreover, when designing systems that may use human gaze to infer intentions, most often

one assumption is that people would behave rationally using their gaze. Some factors could

introduce uncertain and irrelevant gaze data, such as talking to other interlocutors, scanning

the environment, or being actively deceptive. Hence, we also evaluated our approach using

under deceptive conditions as well. The results show that the arti�cial agent performs better

than human subjects in both natural and deceptive conditions, especially when combined with

gaze. Further, gaze allows the agent to exclude some of the goals entirely from the search space

resulting in no additional computational cost, similar to the human players in Study 2 that

ignored parts of the board where the opponent did not gaze upon. However, this process must be

considered carefully as the experience of people may in�uence their gaze behaviours: human do

not always look at target areas before acting on them, and they may not necessarily look at the

keys on the keyboard when typing, for example. In future work, we can also improve the agent

handles the dynamic nature of intentions, as they can change rapidly. We can also improve the

model to either try to �lter out older, noisy intentions or mitigate their e�ect, would, and extend

the range of possible interaction modalities for gaining information, such as gesturing.

One of the main advantages of our approach is that it is essentially ‘white-box’, that is, when the

model makes a prediction, we can look up or track up at the underlying data used by the model

to understand the agent’s predictions. This makes not only communicating predicted intentions

possible but also explaining the reasons behind these predictions possible. For example, in our

setting with the Ticket to Ride game, when the agent predicts the opponent will claim a given

combination of routes from one city to another, a human collaborator can query about the

reasons behind predictions, especially if communicated by the agent, such as, how much or how

often the opponent has gazed upon the on routes, and what has been claimed so far.
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Over time, AI will evolve to include more collaboration-based

applications, with multiple human-machine teams working

together.

– David Martinez

7
Study 4: Assistive Intention-Aware Arti�cial

Agent Language Identi�cation
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7.1 Introduction

The �ndings of this chapter have been published as part of the following peer-reviewed paper:

Joshua Newn, Ronal Singh, Fraser Allison, Prashan Madumal, Eduardo Velloso and Frank Vetere. 2019.

Designing Interactions with Intention-Aware Gaze-Enabled Arti�cial Agents. In Human-Computer In-

teraction – INTERACT 2019. (INTERACT ’19). Springer International Publishing, Cham, 255-281. DOI:

https://doi.org/10.1007/978-3-030-29384-0_17

The paper in its original published format is found in Appendix A.3. The paper includes two

studies, and this chapter presents the �rst of the two.

In this chapter, we focus on the communication protocols of the arti�cial agent, which will

allow the agent to communicate its inferences to an assisted-player as a �rst step towards the

human-agent collaboration. In the previous study (Chapter 6), we evaluated the performance

of a prototype arti�cial agent that incorporates gaze input into its planning process for online

human intention recognition. The evaluation shows that the agent can not only increase its

intention recognition capacity when we incorporate gaze into its planning process but that it also

outperforms the human subjects in our earlier study for both natural and deceptive conditions

(in terms of accuracy and timeliness). While the arti�cial agent can infer the intentions of a

human subject, it lacks communicative capabilities required for the predicted intentions to be

useful to a human collaborator. By employing the agent as a collaborator in our setting, the

agent can assist the human player by performing the cognitively demanding task of intention

recognition on behalf of the team. We hypothesise that this division of labour would allow the

player to better focus on forming the best strategy possible given the information from the state

of the game and the intentions of other players from the agent. The agent is therefore required

to interface and interact with the assisted-player through e�ective communication protocols.

Hence, in this study, we identi�ed a preliminary language for communicating intentions that our

enhanced arti�cial agent could adopt to assist a human player in our setting. Early intentions

derived from gaze has shown to be bene�cial for strategy formulation and given that the agent

can perform intention recognition earlier and more accurately than a human collaborator, we

can start to design complementary capabilities for supporting human-agent collaboration (RQ3).

171

https://doi.org/10.1007/978-3-030-29384-0_17


7.1 Introduction Study 4

Figure 7.1: The real-time heatmap visualisation from Study 1 and the game recordings in Study 2 are
used to elicit how humans communicate about intentions in Part 3.

Figure 7.1 above illustrates the progression of our aims in giving our prototype arti�cial agent

the ability to increase its intention recognition capacity with gaze so far. For the human-human

intention recognition studies performed in Part 1, we employed gaze visualisations as a way to

utilise gaze input in our setting. Study 1 found that live gaze, represented as a real-time heatmap,

works well for increasing a human observer’s capacity to perform intention recognition.

In Study 2, employed the gaze visualisation throughout the game and observed that the human

players could not only keep track of their opponent’s intentions through their gaze but also able

to explain and reason about them. In this study, we take on a similar approach as with Study

1, where we employed the use of human spectators, and instead of short clips, we use the full

game recordings of the aware players from Study 2. Whereas Study 1 focuses on their ability to

recognise intentions, this study focuses on eliciting how humans can proactively communicate

the intentions of others to a teammate to improve their awareness of the situation, given the

ability to perform gaze-based intention recognition, forming RQ3.1 below.

RQ3.1: How should an arti�cial agent communicate intentions given the ability to

perform gaze-based intention recognition?
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Figure 7.2: Relationship between the human-centred prerequisites, studies and outcomes.

Figure 7.2 shows the outcomes of the previous studies in line with Licklider’s human-centred

prerequisites outlined in Chapter 2. In this study, we address the matching the language between

the counterparts prerequisite, where we provide the agent with the ability to communicate with

its human collaborator through natural language about the intentions of their opponent. So far,

we have addressed two other prerequisites for our setting. In the �rst two studies, Study 1 and

2, provided us with insights into how our prototype arti�cial agent can utilise gaze input. In

Study 2, the players with access to gaze information were able to keep track of their opponent’s

intentions, to some degree, and therefore able to represent the mental model of a tracked player

through their gaze. In Study 3, we showed that the prototype agent could also represent the

mental model of a tracked player when we incorporate gaze into its planning process.

This study, Study 4, explores how agents should communicate information about a human

player given its ability to perform gaze-based intention recognition. In essence, whether the

agent can abstract the key information from its mental model of their opponent’s plans, and

communicate them to the assisted-player in an e�ective manner. From the study, we determined

the linguistic aspects of communicating its observations based on implicit gaze information and

explicit in-game actions, and subsequently, how predictions can be explained in a manner that is

useful for a human collaborator. This study further contributes to the rapidly growing �eld of

Explainable AI (XAI), where we show that observable nonverbal behaviours can be adopted as a

basis for explaining human behaviours and intentions through a human-centred approach.
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7.2 Related Work and Approach

To build the communicative abilities of the agent, we must �rst consider how an ideal agent would

communicate intentions once recognised while taking into consideration the optimum level of

support as di�erent levels of arti�cial agent support can result in changes in cognitive workload,

positively or negatively [43]. Hence, this study also focuses on the what and when aspects of

intention communication, in addition to the how. At this stage, we have chosen to a support a

human collaborator by communicating the intentions of an opposing player as a �rst step, and

not on providing recommendations as this requires the agent to know the plans (or intentions)

of the human collaborator. As providing the agent the ability to provide recommendations based

on intentions requires signi�cant exploration on combining di�erent mental models (and how

best to communicate the recommendations of the player to the agent), it is currently beyond the

scope of this thesis and will address this as part of future work (see Section 9.4).

Another important consideration is the arti�cial agent’s capability to explain its reasoning

process to foster trust in the context of human-agent collaboration [110, 216]. In real-world

human-human teaming, a human collaborator can produce some sort explanation on how they

arrive at a decision (or inference) when asked, which makes explanations a crucial aspect of

communication and decision making in collaborative settings. This capability to explain is

evident in the �rst two studies; where participants could verbally explain their reasoning process

about their inferences or about a move they made just made when prompted. Therefore, we

extend the intention communication model to include explanations to augment the agent-derived

predictions for two primary reasons. First, users would often seek an explanation of its output

when interacting with an agent to improve their own decision making [247]. Second, agents

that provide explanations supports transparency and in turn, may help foster trust in the system

[100, 161, 174, 192, 249]. In our setting, it is especially vital to include explanations as the agent

can produce early predictions, that may not immediately be obvious to the assisted player.

Gaze awareness has also been shown to be especially bene�cial for situation awareness in

social settings. Situation awareness is de�ned by Endsley [78] as: “perception of elements in

the environment within a volume of time and space, the comprehension of their meaning, and the

projection of their status in the future". In our setting, players use various sorts of information to

make a strategic decision, which includes not only their observations of the state of the game
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past and present, but also future projections. For example, “If my opponent is going to do this,

then I will do this.” or “I think my opponent might do this, so I will do this instead.”. In the previous

study, we show that our prototype agent can perform plan projections better with gaze input in

terms of accuracy and timeliness. Therefore, we hypothesise that the more accurate and timely

awareness obtained from collaborating with the agent would allow a human player to improve

their ability to assess the situation correctly while simultaneously narrow down the multiple

predicted intended plans a player typically maintains during gameplay. Hence, the design of the

arti�cial agent in this thesis is aimed at providing the best possible predictions at any given time

to reduce communication overhead so that the player can then focus on strategy formulation.

At the same time, the prototype agent supports transparency as we have chosen to adopt a

white-box approach. This approach allows us to interrogate the data or features to form an

explanation for each prediction communicated. Further, this approach allows us to adopt the

three levels found in Situation Awareness-Based Transparency Model (or SAT model) [58] to

support the user. In this model, the agent communicates di�erent types of information at each

level to support a human collaborator’s situation awareness. At the lowest level, the agent

communicates its own state, which includes the agent’s intentions. At the middle level, the

agent communicates information regarding its reasoning process, and at the top level, the agent

communicates information regarding potential future states. Following the SAT model, we

can design the communication for our agent using two levels, the middle level for enabling

explanations (reasoning) and the top level for communicating predictions (projection).

Furthermore, for our agent to provide e�ective explanations, it must be at the right level of detail

[131]. An explanation of how something works will fail if it presupposes too much and skips

over essential information, or if it provides a level of detail that leads to an increase in cognitive

workload, hence decreasing its e�ectiveness [192]. Aside from the presentation format (how

to explain) and the explanation content (what to explain) [75, 131] of an explanation, it is also

important to consider the application domain and the audience of the explanation [98]. Hence, it

is essential for us to simulate our study in our chosen competitive gameplay setting.

To examine RQ3.1, this study uses a variation of the Wizard of Oz technique to elicit how a

collaborator who can infer intentions using the combination of gaze and in-game actions would

communicate the intentions to a teammate. In a typical Wizard of Oz study, a researcher secretly
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plays the role of the computer system while a participant interacts with it [132, 207]. In our

study, we indirectly asked participants to play the role of the computer system, and the secret is

that there is no end-user. The bene�t of this is that it allows us to directly collect a large number

of di�erent messages that re�ect how the participants think the computer ‘should’ communicate

in an assistive manner. The use of human elicitation was inspired by previous gaze-enabled

human-agent interaction studies (e.g. [202]), and a similar approach has been used in the context

of machine learning to ‘bootstrap’ a dialogue system on human-generated activity [208]. The

Wizard of Oz technique has also been used to revealed important insights regarding the usage of

natural gaze behaviour for object manipulation tasks in multi-display environments [21].

7.3 Study

7.3.1 Participants

We recruited 20 participants (11M/9F) from The University of Melbourne, aged between 20 and

32 years (M=25, SD=3.7), to take on the role of a ‘predictor-explainer’. We selected participants

based on their self-rated English pro�ciency in our recruitment questionnaire, as we required

participants to produce a rich vocabulary around gaze behaviours, observable actions and the

communication of intentions. We provided participants with the rules of the game at the time of

recruitment, and we compensated them with a $15 (AUD) gift card upon completion of the study.

7.3.2 Experimental Setup and Procedure

Upon arrival, we sat the participant in front of a computer setup and obtained their written

consent to participate in the study. As illustrated in Figure 7.3, the participant and experimenter

sat on opposite ends of the table so that the experimenter’s display was not visible to the

participant. The setup consisted of a laptop connected to two 23-inch monitors on a rectangular

table, located in a study room. The experimenter then introduced the task by explaining that

there are two other players in the next room preparing to play a game Ticket to Ride against each

other, and that they had been ‘randomly selected’ to play the role of a ‘predictor-explainer’ (or

appraiser), whose role is to watch the game between the two other players via a live stream and

to send assistive messages to one of them in secret, their “teammate”.
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Figure 7.3: Study 4 ‘Wizard of Oz’ Experimental Setup.

In reality, there was only one participant in each session (i.e. themselves). The game of Ticket to

Ride shown to the participant was pre-recorded (actual game), and we used each recording only

once. To clarify, we showed 20 di�erent games played by 20 di�erent player pairs from Study 2

recordings. The player whose gaze was doing was naive to the fact their gaze was being visualised

to the other player, meaning they natural gaze behaviours were displayed (GU-CU condition).

We favoured this for two reasons, (1) in order to elicit a wide range of textual representations

from di�erent game scenarios and (2) there was no need for anyone to receive the participant’s

messages, as the lexical content of those messages was the focus of this study.

Figure 7.4: Study 4 Participant View.
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Figure 7.4 shows the layout of what participants saw on their screen. We simulated a live stream

using the game recording and told them that the ‘live’ dynamic heatmap visualisation is the gaze

of the ‘opponent’ player. For this study, we designed and employed a protocol to continually

reinforce the participants’ belief that they were engaged in a live online game with unseen two

opposing players in the next room throughout the study. For example, as we designed for each

session to last a maximum of an hour, we informed the participant in advance that the game

would begin at a �xed time, such as partway through the session, as all “three” participants

(including themselves) needed time to be introduced to the study and familiarise themselves

with Ticket to Ride through the game’s tutorial. The researcher was only allowed to clarify the

rules about the game when prompted during the study to avoid any in�uence on the data.

Before it was ‘time to join the game’, the experimenter showed the participant four short clips

(introduced as pre-recordings rather than a live game). We selected clips four varied intention

recognition scenarios clips of Ticket to Ride with the live dynamic gaze visualisation overlay (taken

from our recordings in Study 1). The purpose of this preview was to enable the participant to start

thinking about how they could form predictions from the information available from the game

and the gaze visualisation, and then from explanations in text form about their reasoning process.

This step also allowed them to develop con�dence in their ability to observe and communicate

simultaneously during the live game. We reminded participants to provide messages that their

unseen “teammate” would �nd helpful for their strategy and to build the teammate’s trust by

being transparent in how they derived their predictions by providing explanations.

Next, we demonstrated a simple chat application that served as the means of communication with

their unseen “teammate” (see Figure 7.4). The application contained two text �elds to input their

prediction and explanation respectively, a send button and a window showing the conversation.

The application logged all messages sent and included a validation to ensure both text �elds are

not empty. We augmented the application to select a response from a range of automated natural

language responses in reply to every message sent by the participant to keep up the deception.

The responses mimicked a ‘busy player’: one that replied with a short delay, sometimes did not

reply at all, and typically replied with a brief response. The majority of responses consisted

of acknowledgements, while the remaining introduced expressions of uncertainty about the

participant’s messages to convey human-like qualities (e.g. “I don’t think so”, “Hmmm ok”).
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At the prescribed start time (usually about 30 minutes into the study), the experimenter began

streaming the recorded game as if it was a live game feed and informed the participant that

the game had started. During the study, we posed no restrictions on the syntax, or semantics

participants could use for their messages—allowing them to freely formulate them as they saw �t

as long as each contained a prediction of their opponent’s intentions followed by an explanation

for their prediction. At the end of the study, the researchers conducted a short interview with the

participant to �nd their experience embodying the role. Lastly, we debriefed participants about

the deception and provided participants with the opportunity to inquire about our objectives.

7.4 Study Findings

We elicited a total of 249 raw messages (mean = 12.4 messages per participant), with a high devi-

ation between participants (min = 4, max = 23). The ability to successfully formulate messages

depended on several factors, including individual ability, experience with the game, the communi-

cation strategy adopted and the recorded game shown. We discarded messages where participants

attempted to communicate with their teammate casually or provided recommendation(s) instead.

However, we included recommendations that resemble a prediction that included a clear explana-

tion (e.g. “You should block Helena to Duluth, our opponent is likely to claim this the route next as

he has repeatedly been looking at it.” ). We also split messages that contain two mutually exclusive

predictions (e.g. “The opponent is interested in the west coast. Opponent may build routes around

New York.” ), which typically occurs when participants formed another prediction while forming

an initial unrelated prediction but have the same reasoning process for both predictions. Finally,

we obtained a total of 246 messages after our �ltering process for data analysis.

7.4.1 Prediction Format

For the prediction part of each message, we stripped them into its essential and meaningful

components to obtain a minimal format for predictions (e.g. From [City] to [City] through

[City].), which gave us a total of 45 initial formats. We merged formats that were similar in

nature into 11 key prediction formats (see Table 7.1), each demonstrating unique characteristics

in terms of abstraction. We also noted that participants conveyed their level of con�dence when

providing their predictions, using words that express uncertainty (e.g. i think/maybe/will try).
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As studies on explanations argue for showing system uncertainty [17, 94, 156, 232], we will

introduce uncertainty when communicating predictions in our next study, including stating

alternate routes when the likelihood of the plan is similar (e.g. To [City] or [City] through [City]

from [City] or [City].).

Pattern N

from [City/Area] to [City/Area] 130
from [City/Area] to [City/Area] through n[City] 37
to/towards [City/Area] 35
interest in/along/around [Area] 15
[Intentional Action] 8
around [City] 5
to [City/Area] through [City/Area] 4
between [City] and [City] 4
from [City/Area] 3
from/to [City] to/from [City] or [City] 3
from [City] to [City] in/to [Area] 2

Table 7.1: Key Prediction Formats

7.4.2 Explanation Content

Participants provided a wide range of explanations for their predictions. We found that complex

explanations contain spatial, temporal and quantitative properties, in line with the �ndings of

a study that employed ‘expert explainers’ (shoutcasters) [69]. Simplistic explanations, on the

other hand, typically described observed behaviours and often only with one property (e.g. “The

opponent was looking at those routes.” ). In order for us to build a general model, we turn to Malle

and Knobe [164]’s explanation model for labelling the properties for more complex explanations

elicited from our participants with the assumption that the model can be generalised to explain

human nonverbal or combined inputs.

Following the model, explanations can include information about past and potential future

actions, i.e. Causal History of Reasons, in which we de�ned as OA, and Intentional Action, in

which we de�ned as IA. As our chat logs showed that participants had a strong reliance on

gaze to explain the predictions, we include gaze (Og) as part of every explanation generated

using our piece-wise function below. We believe that gaze being “always-on” [117], becomes a

valuable source of information for participants throughout the game, especially when only a few

observable in-game actions have been performed by the opponent.
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Explanation =





Og, OA if ontic actions observed

Og, IA if intentional action likely

Og, IA, OA otherwise

Therefore, combination of all three sources of information forms an explanation that is detailed,

for example:

“The opponent is building a route fromWashington to New Orleans through Nashville

in the South East [Prediction (i)]. The opponent has claimed part of this route [OA],

has been looking at the routes between Raleigh and Little Rock repeatedly [Og] and is

likely to claim Nashville to Raleigh next [IA].”

7.4.3 Reasoning and Communication Strategies

Participants adopted two general strategies for reasoning about and communicating the pre-

dicted plans of their common opponent, which they maintained either strategy throughout, or

interchanged between the two depending on the situation. We found that the strategies were

re�ective of the two systems of Kahneman’s Dual Process Theory [124]—System 1 (heuristic,

intuitive) and System 2 (systematic, analytical)—also called ‘thinking fast’ and ‘thinking slow’

respectively. The �rst strategy was to send as many messages as possible, in fear of missing

out on communicating predictions that may be important to their perceived teammate. Due to

time pressure, we believe participants adopted System 1, where they made use of their intuition,

and that their rate of communication was limited to their typing speed. In contrast, the second

strategy was closer towards System 2, where participants took a conscious e�ort to reason about

the opponent’s intentions and overall strategy, as they wanted to provide the best possible

prediction accompanied by a detailed explanation of their reasoning process. This strategy

resulted in fewer predictions, especially if the current prediction or reasoning did not change.

As expected, participants on average generated more predictions at the beginning of the game

and fewer predictions towards the end of the game—re�ective of plans being formed. Unless

the opponent’s plan changes, more recent predictions will be less relevant, especially if the new

predictions were part of the plan that has already been predicted. In our interviews, participants
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noted the most di�cult aspects of explaining is to come up with the best possible explanation,

and also what to communicate when unsure how they have come about the prediction. This

is when System 1 (or intuition simply) often comes into play, which makes it hard to quantify

certain aspects such as how much the opponent has looked at one part as compared with another.

Participants also noted that timely predictions would be most helpful, but that it is often di�cult

to tell how far in advance the opponent will carry out the prediction (e.g. in how many turns).

7.5 Chapter Discussion and Conclusion

This chapter explores how arti�cial agents should communicate with a human collaborator given

the ability to improve their capacity to infer intentions through gaze observation. We employed

an ‘inverted’ Wizard of Oz technique to elicit how humans should communicate intentions of an

opponent and subsequently explain their reasoning process given the ability to infer intentions

with gaze visualisation. In Study 2, we observed that humans could explain their reasoning

process and as the evaluation of the prototype agent shows promising results, we shift our

focus onto building the agent’s capacity to communicate for use in a human-agent collaboration

setting. This enables the agent to be collaborative, as it can assist a human player in decision

making by providing situation awareness of the opponent’s future states on behalf of the team.

In this study, we determined the linguistic aspects of communicating inferences based on im-

plicit gaze information and explicit in-game actions, and subsequently, how predictions can

be explained in an assistive manner, resulting in a preliminary language model of intention

communication. This model forms the basis for a computational model of explanation, where we

can map nonverbal behaviours onto explanations, and therefore generalisable to some degree

to other settings. The properties and strategies for intention communication are re�ective of

the �ndings in previous work (e.g. spatial, temporal and quantitative [69]). The study �nds

that participants in their ‘predictor-explainer’ role also portray uncertainty when unsure about

their predictions, an important consideration for natural communication. This study further

contributes to the rapidly growing �eld of Explainable AI (XAI), where we show that observable

nonverbal behaviours can be adopted as a basis for explaining human intentions and behaviours.

In the next chapter, we evaluate the usefulness of the communication protocols found in this

study as part of a broader study—where we evaluate the use of the agent during live gameplay.
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Talent wins games, but teamwork and intelligence

wins championships.

– Michael Jordan

8
Study 5: Assistive Intention-Aware Arti�cial

Agent Real-Time Interaction Evaluation
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8.1 Introduction

The �ndings of this chapter have been published as part of the following peer-reviewed paper:

Joshua Newn, Ronal Singh, Fraser Allison, Prashan Madumal, Eduardo Velloso and Frank Vetere. 2019.

Designing Interactions with Intention-Aware Gaze-Enabled Arti�cial Agents. In Human-Computer In-

teraction – INTERACT 2019. (INTERACT ’19). Springer International Publishing, Cham, 255-281. DOI:

https://doi.org/10.1007/978-3-030-29384-0_17

The paper in its original published format is found in Appendix A.3. The paper includes two

studies, and this chapter presents the latter of the two. In this chapter, we explore how an

arti�cial agent that interprets eye movements can alleviate issues commonly associated with

visual gaze awareness, and how humans respond to agent-derived intentions from gaze and

observable actions. A socially interactive agent that can understand human gaze can potentially

improve the interaction with its human counterparts [109, 224], such as by adapting its behaviour

to their anticipated intentions, or even support the user by communicating the intentions of

others. However, much investigation is still needed from an interaction design perspective before

humans can work alongside such agents e�ectively, with each counterpart playing to its strengths.

Figure 8.1: The �gure illustrates how the outcomes of the previous studies converge in Study 5, where
we operationalise the arti�cial agent in our chosen human-agent collaboration scenario.
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As shown in Figure 8.1, the outcomes of previous studies converge in this study—Study 5—the

�nal study conducted in the thesis. From Study 2, we recognised that humans are limited in their

capability to not only infer but also to keep track of intentions, especially with the addition of

gaze due to its cognitively demanding nature. Gaze provides a continuous stream of information

about a player’s interest in our scenario. However, this continuous stream that makes it di�cult

to di�erentiate between its behaviours, which subsequently contributes to additional cognitive

processing beyond keeping track of what has been looked at. For these reasons, we proposed that

it might be better suited to delegate the task of gaze-based intention recognition to an arti�cial

agent, which is one way we can e�ectively divide the labour between the team. Hence, it has

shaped the subsequent studies, particularly with Study 4 that focused on the agent’s ability to

communicate the intentions of others to a human collaborator. Therefore, with all the necessary

components in place, we can begin to evaluate the use of the arti�cial agent for collaboration in

our setting in real-time to improve decision making, which brings us to RQ3.2 below.

RQ3.2: Does delegating the task of intention recognition to the agent improve the

player’s decision-making?

We examine this question through Study 5, which focuses on the novel collaborative capacities

of the intention-aware arti�cial agent, whereby the agent can provide situation awareness with

the capacity to explain them by performing intention recognition on behalf of the human-agent

team. In turn, the agent can potentially reduce the cognitive load of the assisted human player

and therefore allow the player to form better strategies along with an increased awareness of

the situation. This study further evaluates the experience of players using an arti�cial agent

that can project future states for e�ective strategy formulation a�orded by its ability to create

awareness through abstracted intention information and its ability to provide accurate and timely

predictions on intentions. Hence, the study compared the experience of users of using the gaze

visualisation found in our �rst study as our baseline condition against the use of the agent,

where we provide predictions proactively at two levels, abstract (prediction only) and detailed

(prediction with explanation) informed by the previous study—Study 4. By comparing these

conditions, we can further determine the elements that are missing when we begin to abstract

intentions from the rich gaze information using gaze visualisation.
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Figure 8.2: The outcomes of each study in relation to the human-centred prerequisites.

Figure 8.2 above shows how the four previous studies have addressed, to some degree, the

di�erent human-centred prerequisites outlined in Chapter 1. As shown, Study 1 and 2 helps

enforces the importance of using nonverbal communication (i.e. gaze), with respect to intention

recognition in a competitive gameplay setting. Study 2 and 3 demonstrates that gaze a�ords

the ability to represent the mental states of a human player, in our case, the intentions of an

opponent. In Study 2, players kept track of the intentions by annotating on a map of the game,

while in Study 3, we produced a similar but improved graph where we can observe the likelihood

of predictions through the agent. In both cases, we can visually represent the real-time plans of

the opponent and how it changes over time (as illustrated in Figure 6.3).

In Study 4, we address the language mismatch between the human and the agent, by investigating

how humans should communicate intentions using natural language, given the ability to predict

them using gaze. Study 5 combines and simultaneous evaluates the two models arising from

Study 3 and 4 to form components of an ‘ideal’ intention-aware agent—the arti�cial agent model

and the language model, respectively. We designed both models from the ground up to work

in tandem to improve the agent’s capacity to collaborate with a human player in our setting.

The study presents the �rst step towards using arti�cial agents that have the ability not only to

interpret intentions but also communicate to a teammate. We demonstrate that by introducing

gaze input for intention recognition, we can improve the capability of arti�cial agents to assist in

improving the human-agent team’s overall situation awareness, and therefore decision making.
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8.2 Study

By combining the language model derived from our previous chapter with an instance of an

intention-aware arti�cial agent that we evaluated in Chapter 6, we can now evaluate the experi-

ence of playing an online strategy with and without agent assistance.

In this study, we also evaluate the model while comparing the existing approach of using gaze

visualisation to infer intentions to our proposed approach of abstracting the intentions from

gaze input into written predictions through an arti�cial agent. We, therefore, designed a within-

subjects user study with three conditions, in which we provide varying levels of information

to an assisted player. In the �rst condition, we provide players with a live visualisation of

their opponent’s gaze, allowing them to interpret the information as they see �t. In the second

condition, the agent sends the player inferences about the opponent’s plans, followed by an

explanation of the observed behaviours that it used to form the prediction in an attempt to be

transparent about its reasoning process. In the third condition, the agent sends the is predictions

about their opponent’s plans without an explanation of its reasoning process, to allow the player

to have their own beliefs about the agent’s logic, and without any direct knowledge of the

data that led to that inference. In the second and third condition, the agent assists by making

inferences about the opponent’s intentions based on their gaze and actions, allowing the user to

focus on formulating better strategies with improved awareness of the situation. This interaction

approach is akin to ‘AI-advised human decision making’, where the system provides information

and the human makes the �nal decision based on the information past and present [22].

8.2.1 Intention-Aware Gaze-Enabled Arti�cial Agent

We instantiated an arti�cial agent that performs intention recognition using the combination

of ontic actions and gaze using the planning-based model, detailed in Chapter 6. The approach

uses a ‘white-box’ approach that allows us to understand the underlying algorithms and data

structures, which makes it simpler to interrogate the model and its predictions, and therefore

generate explanations when compared to other approaches. Further, research has shown that

humans prefer working with an agent through planning; reporting the perceived reduction of

cognitive workload, and the ability to maintain situation awareness for short-term tasks [182].

The objective of the agent assistance in this work is not to solve the Ticket to Ride game by
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providing step-by-step recommendations to the assisted player but to explore how an agent can

assist a human player by maintaining and communicating its beliefs of an opponent’s intentions.

Our decision to adopt an arti�cial agent instead of a Wizard of Oz approach as used in the previous

chapter was for three reasons. First, using the data set from Chapter 5, the agent scored positively

higher compared to a human interpreter using gaze visualisation (F1 − Score: 0.64 versus 0.39

respectively) in terms of plan recognition. This means that an assisted player playing alongside

the agent would receive more accurate predictions than with a human assistant (or wizard),

which gave us con�dence in its adoption. Second, the more accurate agent provides better ground

truths overall, meaning that even if we provide the goals of the opponent (destination cities) to

the wizard, the system remains far better at discriminating and predicting the most likely plans

and can provide this information earlier as well. This capability ensures relative consistency of

predictions and provides a realistic impression of what such systems can do across the players.

Third, as found in Chapter 5, human interpreters can be subject to biases, especially when the

human interpreter �xates on incorrect predictions and overlooks other predictions.

8.2.2 Experimental Setup

Figure 8.3 summarises our experimental setup of two observation rooms and a control room.

Each session involved three researchers, two to facilitate the players and the third, an unseen

human to assemble the predictions from the arti�cial agent into natural language following a

set of rules. Both setups were identical for both players, except for the eye trackers attached to

the bottom of their screens; the evaluated player (PA) was equipped with Tobii Pro X2-301 (for

pupillary data), and ‘naive’ opponent (PB) was equipped with a Tobii 4C eye tracker. The bottom

part of the �gure shows the rule-based assembly process. To assist in the assembly, we use the

graph visualisation that displays the predictions made by the agent developed in Chapter 6. In

summary, the graph displays the combination of the top 10 most likely plans of the opponent.

The thickness of the edges (representing routes) increases according to the number of times it

appears in the top 10 plans; indicating the likelihood of the player choosing that particular plan.

Further, the graph not only shows the opponent’s plans at a macro-level but also the possible

combinations that the opponent may use to achieve their intentions, i.e. alternate plans.
1https://www.tobiipro.com/product-listing/tobii-pro-x2-30/
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Figure 8.3: Top: Experimental Setup and Communication Flow. Bottom: AI System Visualisation and
Assembly Process. Opponent’s intentions are displayed by increasing the line thickness of routes. The
thicker the line, the more likely the route will be claimed. Coloured lines represent the claimed routes
(player: green, opponent: red). The size of the city indicates where the opponent has �xated upon (the
larger the city, the more the opponent has looked upon).

8.2.3 Study Conditions

We designed three conditions to evaluate three levels of information abstraction (see Figure 8.4).

At the lowest level of abstraction (gaze viz), we show the assisted player (PA) the gaze of the

naive opponent (PB) using the real-time heatmap gaze visualisation. This �rst condition allowed

players to make their inferences on their opponent’s plans at the cost of their attention and

serves as a baseline condition as we displayed the visualisation throughout the game.

Figure 8.4: Study Conditions.

At the mid-level (detailed ai predictions), we assemble the intentions and observed behaviours

using the preliminary language model formed in the previous study. Here, we presented the

prediction as an Intentional Action [164]—what the opponent intends to do next while being
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transparent about its reasoning process. As part of natural language, we conveyed uncertainty

when communicating the predictions and provided temporal, spatial and quantitative elements

where possible. At the highest level (abstract ai predictions), the agent provided an abstract

predicted plan through one of the predictions formats in the language model. Figure 8.4 shows

an example of how all three conditions are represented based on the same underlying data.

As we based the AI prediction levels on the reasoning and communication strategies described

in Section 5.2, we simulate the agent’s communication frequency accordingly. For the detailed

ai predictions condition, we require the formation of detailed messages and therefore set the

frequency to every 2 minutes so that the agent system can make a su�cient observation to form

the best possible prediction and explanation. For the abstract ai predictions condition, the

frequency was set to a minute (60 seconds), as we only need to send the best possible prediction

at that point in the game. We counterbalanced the three study conditions using a Latin square to

minimise any learning e�ects. As this is a within-subject study, we only subjected the conditions

to the assisted player (PA), who is the ‘aware’ player between the two. The researcher facilitating

promotes the conditions as ‘modes of assistance’ at the start of the session. For both AI-assisted

conditions, the researcher made explicit that the arti�cial agent uses both the opponent’s gaze

behaviour and observable in-game actions to generate the predictions on behalf of the team.

8.2.4 Measures and Analysis

We designed a repeated-measures questionnaire to evaluate the experience of the assisted player

in and across each condition (found in Appendix B.2). As there was no existing questionnaire

speci�cally designed to measure the experience of ‘intention awareness’, we formed our questions

based on our questionnaire employed in Chapter 5 (found in Appendix B.1), which was used to

measure the subjective experience of players when performing intention recognition with and

without gaze visualisation. For each measure, we employed a 7-point Likert scale (1 being full

disagreement, 7 being full agreement), and included questions to measure the assisted player’s

perceived ability to discern intentions and formulate strategy, the e�ects of information presented

during gameplay (such as whether it has in�uenced the outcome or have caused them to play

di�erently), and whether the condition presented were distracting and were informative.

For the two conditions with agent assistance, we included two additional measures, which
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questioned how well they understood the AI predictions and how reliable the AI performed

in predicting the opponent’s intentions, and only in the detailed ai predictions condition,

we asked players about the clarity of the explanations (agent’s reasoning process) to validate

messages formed using the language model. At the end of the study, we measured the overall

experience of using all three condition and asked players to rate the conditions with regards

to preference, demand and usefulness from most to least. We then prompted the players on the

ratings for each measure as part of our subsequent post-study semi-structured interview.

To measure cognitive workload unobtrusively, we used the recently proposed Index of Pupillary

Activity (IPA) metric [72], which measures the frequency of pupil diameter oscillation. The

metric shows a direct correlation with working memory, making it a plausible way to measure

cognitive workload. Further, we employed traditional measures of the cognitive workload from

eye movement behaviour from prior work (e.g. [43]), such as long �xations (�xations that are

longer than 500 ms), which indicate deeper cognitive processing. We also employed the popular

NASA-TLX questionnaire [99] to capture perceived workload based on six subscales—mental

demand, physical demand, temporal demand, performance, e�ort and frustration.

8.2.5 Participants

We recruited 60 players (34M/26F) for the study and allocated them randomly into two equal

groups according to gender (17M/13F in each) from The University of Melbourne. At the time of

recruitment, we informed players that the purpose of the study was to collect physiological data

while they played a strategic game for post-study analysis. The �rst group (Group A) consisted

of ‘aware’ assisted players, aged between 18 and 50 years (M=26.9, SD=6.9), while the second

group (Group B) consisted of ‘naive’ players, aged between 18 and 33 (M=25.6, SD=3.8) to be the

opponents. 17 assisted players and 10 naive opponents have played the game before. The naive

players were necessary to simulate realistic gameplay with natural eye movement behaviour

during the study. All players were compensated with a $20 (AUD) gift card for their participation.

8.2.6 Procedures

To manage the complexities of the study, all three researchers involved in the experiment followed

a strict rehearsed protocol. Both players were given an initial brie�ng together in the same room
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upon arrival. We explained that their physiological signals will be tracked throughout the study

for post-study analysis. We then provide players with the plain language statement, consent

form and basic demographic questionnaire to �ll out before separating randomly into one of the

two observation rooms at the University’s usability lab with an assigned facilitator. Each player

was then instructed to play the game’s interactive tutorial for up to 10 minutes to get familiar

with the game and its controls, regardless of experience. Both players then played three rounds

of Ticket to Ride against each other, with each testing a di�erent study condition.

At the start of each round, we requested each player to pick all three randomly assigned ‘ticket’

cards for them to attempt to complete (each representing a pair of ‘goal cities’, potentially having

up to six initial goal cities). Players were asked to ‘think aloud’ during the game about their

strategy; their opponent’s strategy; what they were thinking and what their opponent might be

thinking. Each player was given a 12-minute cumulative time allowance for their total turns in

each round to ensure timely completion. If either player ran out of time, we manually calculated

the scores for that game round. We video-recorded the screen and rooms for both players for the

entire duration of the session. Each session lasted approximately 120 minutes in total. For the

remainder of the section, we describe the procedure for each player separately for clarity.

Player A (Assisted Player) Procedure. Once the players entered their respective assigned

rooms, the facilitator (FA) informed the assisted player (PA) that they had been randomly selected

to be the ‘aware’ player while making it clear at no point during the study that their information

will be exposed to their opponent (PB). The facilitator then calibrated the player’s gaze using the

eye tracker’s default calibration before starting the tutorial. We then informed the player that

they would play three rounds of the game against their opponent (i.e. the naive player - PB) and

will receive ‘additional information’ about their opponent’s intentions without their knowledge,

which will vary according to the condition.

For all three conditions, the player received prompts with a slider below each prediction (see

Figure 8.4). For the gaze viz condition, the prompt appeared every 60 seconds for consistency.

The primary purpose of the slider is for players to re�ect on the additional information presented

to them and to give an impression that their feedback is taken into account. We also instructed

the player to verbalise why they had given a particular rating. At the end of each condition,

we administered the NASA-TLX questionnaire immediately before asking them to �ll up the
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repeated-measures questionnaire on their experience about the round they just played. This

ordering was intentional as their subjective workload may change after �lling up the repeated-

measures questionnaire. Once completed, the facilitator conducted a short interview on the

game they just played and prompted the player on any extremities in their subjective ratings.

Player B (Naive Opponent) Procedure. The procedure for the naive opponent (PB) was

straightforward, where the player was required to play three regular games against player PA

while being eye tracked, therefore acted as the control group. Once the players entered their

respective rooms, the facilitator (FB) calibrated the player’s gaze using the eye tracker’s before

playing the tutorial. At the end of each condition, we administered the NASA-TLX questionnaire

and a Games Experience Questionnaire (GEQ - Core Questions) [39]. The primary purpose of

both the questionnaires was for the player to �ll up the time while player PA went through a

longer post-study questionnaire and interview. Any gaps in time were �lled up by facilitator FB,

who will engage in a conversation about the game round they just played.

8.3 Results

The �rst part of this section presents the overall results from our various subjective and objective

measures, as previously outlined in Section 8.2.4 (Measures and Analysis). In the second part, we

present and discuss the experience of the players with and without the agent from the insights

provided by the post-study semi-structured interviews in relation to our various measures. Figure

8.5 summarises the median scores for the responses from the repeated-measures questionnaire.

Figure 8.5: Study 5 Questionnaire Results (Repeated-Measures Questionnaire).
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A Kruskal-Wallis test revealed no signi�cant di�erences between the conditions for each of the

measures. The �gure shows that the conditions were found to be comparable except for the

decreasing trend in distraction as we reduced the information. In addition to these measures,

players in both conditions with agent assistance rated an agreeable median score for reliability

(5.0) and when asked if they understood the AI predictions (6.0). The results suggest that although

the communication was clear, the AI was unable to meet the expectation of the player, such

as by not providing correct predictions, predictions that the player already guessed or that the

predictions were not timely enough for them to act on it.

Preferred Demanding Useful

Condition Most Middle Least Most Middle Least Most Middle Least

gaze viz 15 13 2 15 9 6 13 12 5
ai detailed 7 8 15 6 12 12 9 6 15
ai abstract 8 9 13 8 10 12 8 12 10

Table 8.1: Post-Study Ratings for Each Condition.

Table 8.1 shows the rating given for each condition in relation to preference, demand and use-

fulness. A Friedman test showed no signi�cant di�erences between the conditions for all three

ratings. These ratings, however, served as prompts for discussion during the post-study semi-

structured interview as players were asked to re�ect on their reasoning behind their given ratings.

Table 8.2 summarises the results of our cognitive workload measures. We ran a Mann-Whitney

U test for all the objective measures and only found signi�cant di�erences for the average long

�xations measure. A post hoc analysis showed di�erences between the gaze viz and detailed

ai predictions conditions (W=0, Z=4.78, p<0.05, r=0.87 ), and between both the detailed ai

predictions and abstract ai predictions conditions (W=0, Z=4.78, p<0.05, r=0.87 ).

Condition IPA (Hz) Avg. Long Fixations (>500ms) Avg. Sacc. Velocity (m/sec) NASA-TLX

gaze viz 0.0127 0.02 (0.02) 47.80 (27.9) 49.1
ai detailed 0.0138 0.22 (0.10) 54.71 (29.2) 45.4
ai abstract 0.0148 0.02 (0.02) 49.49 (31.3) 45.9

Table 8.2: Results of Cognitive Workload Measures.
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The results show that assisted players on average had longer �xations in the detailed ai pre-

dictions condition, which could simply be because they needed time to process the predictions.

We found no signi�cant di�erences between gaze viz and abstract ai predictions conditions,

which suggests that players did not require a longer time to parse the predictions in the abstract

ai predictions condition, indicating that the abstract ai predictions case did not introduce

any signi�cant workload while achieving similar awareness as the gaze viz condition.

Though the agent did not necessarily decrease the cognitive workload as compared with the

current approach of gaze awareness through visualisation, the NASA-TLX questionnaire scores

indicated that players perceived the gaze viz condition to be more demanding overall than

when being assisted by the agent. However, although the overall mean score for the measure

suggests the perceived workload for the gaze viz condition was higher when compared to the AI

conditions, a Kruskal-Wallis test showed no signi�cant di�erences among the three conditions.

8.3.1 AI Predictions

Players who spoke positively about the predictions often referred to the speci�c properties in

the predictions, including temporal and spatial properties as found in prior work (e.g. “I like the

temporal information (‘since the beginning of the game...’), and precise information about where

the opponent was looking.” – [P17A]). The uncertainty provided in the explanations was also

well received by players, noting that they only needed to know the areas than the speci�c cities

(e.g. P8A), or that the agent communicated alternate paths the opponent may take (e.g. P30A).

Player P12A explicitly noted that the predictions were useful when the agent predicted longer

(distal) routes instead of shorter (proximal) routes, especially for strategy formulation.

There is some evidence to suggest that the AI predictions drew their attention to areas of the

board they overlooked, similar to the gaze visualisation in Study 2. For example, P5A mentioned

“It made me take notice of what my opponent was doing.”.

A third of players (10/30) noted that they had to invest time in deciphering the AI predictions,

mostly attributed to their unfamiliarity with the map, despite each prediction having an overall

indication of the area in the predictions where applicable (e.g. From [City] to [City] in the South

East). This �nding also brings forward an issue with the textual representation of intentions (“I

like the predictions that were short; I did not like the visuals. It was easier to take the AI info but not
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as pop-up prompts.” – [P29A]; “It took me out of the game a little to have the prompt pop up and

then look at the map to interpret.” – [P10A]). Player P1A mentions that “...it would be better if the

route was highlighted”, as a suggestion to complement the predictions with a visual component.

In our analysis, we found that assisted players who least preferred the AI conditions found

the prediction prompts distracting because it interrupted their thought process. As they were

required to re�ect on the prediction sent each time, it took them further away from their current

task. Between the AI conditions, players preferred the abstract AI predictions over the detailed

AI predictions in general as the messages were more concise and therefore needed less time

investment in deciphering them and subsequently utilising the information:

P8A: “I liked the simplicity of the information it [the arti�cial agent] gave me, it was very

easy to �lter.”

P10A: “I liked the short form prompts, they were actually quicker to read and I was still able

to formulate a plan around my interpretation of the prompt.”

P23A: “Shorter and brief hints were easy to understand and helpful.”

There were overarching reports that predictions from the agent became less useful as the game

progressed (as expected), especially towards the end of the game, as P12A mentions “I liked the

initial predictions but it was less helpful towards the end of the game”. A possible explanation is

because there was enough evidence in the form of routes claimed and players could make their

own inferences through the observable opponent actions. As the agent lacked awareness of the

context, players also noted several limitations in the AI conditions, such as not being able to

predict whether the opponent was going to block them. (e.g. [P17A]).

Further, the agent was expected to communicate when prior predictions are no longer relevant

(e.g. “I’m not sure how helpful the AI was. It could be that the opponent did not have enough cards to

carry out his original plan, or I blocked him successful at the beginning.” – [P15A]). Furthermore,

some players mentioned that they did not pay attention to their opponent’s plans throughout

the game, as their plans were not a�ected by their own. This �nding suggests that the AI made

them aware of their opponent’s plans, but in some ways annoyed them as the AI kept informing

them about the opponent’s plans when it did not a�ect their plans throughout the game.
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8.3.2 Gaze Visualisation

A third of players (10/30) explicitly mentioned that the gaze visualisation was ‘distracting’ (such

as mentioning it “moved too much” [P1A]), occupied their time and attention [P15A], which

then caused them to play longer turns [P10A]. When prompted further, three players (P12A,

P25A, P29A) mentioned it was mentally demanding to focus on their own and their opponent’s

strategies (or plans), causing them to be less focused overall.

About half the players (16/30) found the gaze visualisation to be informative and therefore useful,

with a general consensus that it was good to know the general areas the opponent was looking

at—similar to our �ndings in Study 2. Player P17A enjoyed the challenging aspect of inferring the

opponent’s intentions on his own, while P12A found it interesting to rea�rm his assumptions.

Though these players found the visualisation informative, players also were not able to utilise

the information that was available to them, especially if they were not experienced players of the

game (e.g. “It was good to know the general areas the opponent was going for, but don’t think I’m

experienced enough to act well on the information.” – [P23A]). These �ndings are also re�ected

in the repeated-measures questionnaire responses, as shown in Figure 8.5.

Table 8.1 shows that although gaze was found to be most demanding, it was rated most preferred

and useful. There are two possible explanations for this response. First, experienced players were

able to utilise the additional information better through gaze. Second, players noted that the fact

that the gaze was overlaid over the game made it easy to determine the areas of interest spatially,

which was su�cient to gauge their opponents’ intentions. This could mean that players just

needed to know roughly where their opponent’s intentions are, as opposed to the speci�cs. A

few players drew comparisons with the AI predictions, for example, player P23A mentions “I

prefer it [gaze visualisation] to the AI because I didn’t have to bother with reading the pop-ups.”.

Players also mention that it was possible to ignore gaze when they want to, attributing it to visual

background noise on the interface. However, players did note the ability to access the information

at all times from the gaze visualisation. In comparison with the AI conditions, the information

was only available when the agent communicates, leaving the players on occasion with no or

minimal additional information. From our observations throughout the studies, players usually

make use of the time to analyse the information and to plan accordingly. When the opponent

took a long turn, players in the AI conditions had to wait for the agent to send them predictions.
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Without the ability to initiate the interaction with the agent, the player has to make use of the

information that was then available to them, such as from the past agent’s predictions (that may

have changed) or past in-game actions of the opponent.

8.4 Discussion

In this chapter, we evaluated the prospects of using an ideal intention-aware arti�cial agent

in a human-agent collaboration setting. In our case, an arti�cial agent that assists a human

teammate with the inferring intentions (or plans) of an opponent in a competitive gameplay

setting. Through a within-subjects study, we evaluated the responses of 30 players that played

Ticket to Ride against a naive opponent with and without agent assistance. As the task of gaze-

based intention recognition was found to be cognitively demanding in our previous studies, the

study compares the use of the agent against using gaze visualisation for intention recognition.

The overall results showed that the agent could facilitate awareness of another user’s intentions

without adding visual distraction to the interface; however, the cognitive workload was similar

across all three conditions presented, suggesting that the manner in which the agent communi-

cates its predictions requires further exploration. This means that the agent neither impacted

the players’ performance nor decreased the cognitive workload as initially hypothesised. The

game itself might have introduced cognitive workload, but it is di�cult to isolate as players

had di�erent abilities and set of goals. However, the overall perceived cognitive workload was

lower in the agent-assisted conditions, most likely due to the reduced distraction (periodical

abstracted information vs. continuous information), but also because there is no continually

moving gaze overlay over the game. Therefore, we acknowledge that irrespective of the mode of

communication, any task requiring the processing of information generates cognitive workload.

On the other hand, the subjective assessments indicate that the agent was successful performing

gaze-based intention recognition and communicating them to the assisted player in a way that

matched the informativeness of the gaze visualisation. In turn, the predictions and explanations

provided by the agent early in the game allowed the assisted player to formulate better strategies.

Further, the results suggest that there is vast potential in using arti�cial agents to take on such

roles when provided with complementary inputs such as gaze. We note that an agent-assisted

approach can potentially scale well for multiple users in which the agent can determine what is

198



8.4 Discussion Study 5

the most relevant information to communicate, whereas visualising multiple user’s gaze on the

interface which would clutter the interface and potentially cause confusion. Due to the limitations

of our approach concerning representation and context, we have only partially achieved our

design goals for a collaborative intention-aware arti�cial agent. In the following subsections, we

discuss the considerations when designing such agents from our �ndings.

Information Presentation

A signi�cant limitation of our approach is the full use of textual representations to convey human

intentions. While this serves as a good starting point, it caused users in our study who were

unfamiliar with the game to underutilise the predictions from the agent, as they needed to be

spatially aware of the layout of the interface, i.e. the location of cities or map areas, to understand

the predictions. Our �ndings suggest that an overlay of precise intentions over the interface

(visual augmentation) by the agent coupled with natural language annotations can potentially be

a more understandable way to communicate and explanations predictions. Hence, while textual

representations of intention served as a good starting point for our work, it was insu�cient to

improve the player’s performance (in terms of decision making). We look towards the use of

visual explanation as our future direction, where agents can use multimodal (e.g. pointing, voice)

or multimedia approaches (e.g. annotations, animations) to communicate intentions e�ectively.

Context-Awareness

In our user study, we evaluated two sides of the interaction simultaneously. On one side,

whether the agent can process and communicate intentions in real-time by observing a human

player (the opponent), hence the sender. On other, the experience of the receiver of intentions,

in our case, the agent-assisted player. Ideally, the agent should take into account what the

agent-assisted player already knows by deriving their intentions as well, either implicitly or

explicitly. With context-awareness, the agent would only communicate relevant predictions, such

as predictions that directly a�ect the user, and which are therefore bene�cial regardless of the

mode of communication. The detailed ai preds condition was an extreme case where we gave

the most complete explanation possible without considering what the participant already knows

about the opponent, leading to the communication of redundant information. The subjective
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assessment of this condition shows that it is indeed necessary to keep a model of what the player

already knows, or what has already been communicated, to reduce distracting information and

increase the e�ectiveness of each communication.

Moreover, context-awareness would allow the agent to adjust the level of detail when communi-

cating intentions. The combination of more concise information and more timely predictions

would, we infer, improve the human’s ability to respond to the agent. Furthermore, if the agent

understood what all observable users intended to do, it would be possible for it to negotiate the

goals of each of the users. Our work closely resembles iTourist, in which an agent could recog-

nise gaze patterns of a ‘tourist’ and provide recommendations on transport or accommodation

alternatives [202], but only for a single user at a time. We extend this work by demonstrating

the ability of an automated system to understand long-term human intentions, and by providing

insights on how these intentions can be communicated e�ectively, in a way that can be easily

scaled to multiple users.

Nonverbal Communication

This work provides an empirical assessment in a real-time setting of the intention prediction

model that we developed in Chapter 6, and shows that nonverbal inputs such as gaze can be

used as a basis for generating natural language explanations. Further, this work demonstrates

the usefulness of multimodal human inputs in the context of human-agent teaming. Our broader

aim in this work is to provide a generalisable approach for designing such agents. As such, we

do not claim ecological validity for our study setting.

Our work aims to improve on current approaches for human-awareness by not only detecting

human presence or actions, but also predicting their intentional actions. As an example, we use

the work of Unhelkar et al. [241]’s human-robot collaborative assembly task. In their task, the

work area was divided into cells, some shared by humans and robots, which were required to

cease operating entirely whenever a human enters a shared cell. They developed and tested a

model that incorporated predictions of human motion to improve the e�ciency and safety of the

assembly task. However, if the robot’s motion planner could ‘see’ that as the human was moving

towards the work area they consistently looked at a workbench in a cell that was di�erent to

their own, the robot could easily fuse the gaze and motion information to determine the cell that
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the human was going to and continue its work rather than stop. Such an approach we believe

will further improve task e�ciency and the interaction between the human and the robot. Hence,

agents with the ability to process intentions can not only improve their interactions with their

human counterparts but improve their proactiveness as well.

Explainable Agency

Our �rst study formed the basis of a general model of intention communication, which can

support the cognitive process of generating explanations involving observable actions and gaze

behaviours. As explanations in an explainable agency [146, 159] involves both a cognitive process

to derive an explanation and a social process of communicating the explanation to a human

[159, 174], there is a clear scope of expanding our approach to generalise our �ndings to other

settings, evaluate our existing approach [106], and to explore two-way communication between

the human and the agent (e.g. dialogue).

In essence, our agent possesses the ability to maintain the mental model of users with regards to

short and long-term intentions that we can interrogate at any point in time using our ‘white-box’

approach. Lastly, our work focused on intention recognition aspect of explanation, which goes

beyond question-answering, and di�ers from existing approaches where the presence of features

is used to explain instead of the long-term observation of human behaviours.

8.5 Conclusion

This chapter provides a �rst account of utilising a gaze-aware arti�cial agent in real-time for

assistance in the context of strategic gameplay, which demonstrates the potential for building

ubiquitous intention-aware systems. We demonstrated that we could design the communication

and interaction capabilities for socially interactive agents by addressing several prerequisites for

e�ective human-agent collaboration [149, 155]. Our approach uses a proactive agent to assist a

human player engaged in an online strategy game by improving the player’s situation awareness

through the communication of an opponent’s intentions.

In the previous chapter, we developed a language model based on human communication that

allows our intention-aware agent to communicate inferred intentions through the observation of
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gaze behaviours and actions. In this chapter, we evaluated the experience with and without the

agent and found that players were receptive to the agent due to its ability to provide situation

awareness of future intentions without the distractions of gaze visualisation. The agent’s ability

to digest gaze information into contextual and useful representations has broad implications for

future systems. We provide several considerations on the design of such agents, in reference to

the presentation of information, the need for context awareness, and opportunities in harnessing

nonverbal communication.

The chapter presents two primary contributions to the design of arti�cial agents that collaborate

with humans, from both sides of the interaction. From the agent end, we show that it is possible

to develop agents that can not only predict intentions through gaze but communicate and reason

about them as well. On the other end, we show that the human counterpart can be supported

by a proactive agent that can only understand intentions but also communicate them through

verbal means (e.g. written language), which helps maintains situation awareness while reducing

visual distraction when compared to using a live gaze visualisation approach.

Overall, this chapter highlights an opportunity for nonverbal behavioural inputs to increase the

human-agent interaction and provide a viable approach that can be used in scenarios where

knowing the intentions of others is important (e.g. air tra�c control, wargaming). In future

work, we plan to extend the agent with the ability to consider additional input from the user, and

generate alternative predictions about another user based on a ‘what-if’ query (such as an action

that the user is most likely to take). This will be particularly useful in collaborative scenarios,

where an agent can assist, mediate or negotiate with knowledge of multiple users intentions.
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The best way to predict the future is to invent it.

– Alan Kay

9
General Discussion

9.1 Introduction

In this �nal chapter, we �rst summarise the overarching motivations of the thesis, the relationship

between each study, and how they align with human-centred prerequisites outlined in Chapter 1.

We then revisit and answer the research questions articulated in Chapter 2 (Section 9.2). The

chapter then discusses the key contributions and implications of our �ndings arising from studies

performed in this thesis (Section 9.3). This section is then followed by the limitations and future

work (Section 9.4), and the concluding remarks (Section 9.5) of the thesis.

This thesis begins with a vision of the future where humans and embodied arti�cial agents form

a ‘symbiotic relationship’ in all aspects of life—a future where arti�cial agents possess the ability

to interact with humans as ‘naturally’ as humans interact with other humans. Recent strides

in verbal communication with computers such as intelligent voice assistants are evidence that
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natural communication is an important factor in forming this symbiotic relationship [199].

Humans interact with other using a full range of communication methods. The use of nonverbal

communication is common in everyday human communication [138, 171]. Its inherent use

begins even before infants start to develop speech or understand words. However, most forms of

nonverbal communication remain di�cult for computers to understand and therefore utilise.

On the other hand, we are only beginning to improve how we can interact with computers

using verbal communication in recent years, but its usage remains limited (primarily due to the

explicit input-process-output pattern). Therefore, in the thesis, we argue that for arti�cial agents

to be able to interact as e�ectively as humans, they must �rst be able to recognise nonverbal

communication cues—by knowing when and what to look out for, and by understanding the

associations between them. Nonverbal communication has the potential to augment the mature

developments in verbal communication and to change the way humans and computers interact

with one another. Early work in human-computer interaction such as Bolt [33]’s ‘Put-That-There’

exempli�es the strengths and vast potential in the joint use of verbal (speech) and nonverbal

(gesture) communication, which o�ered an e�ortless way to interact with intelligent systems.

In recent decades, the advancements technologies that sense human input and its respective

detection algorithms have provided HCI researchers with the opportunity to explore the utilisa-

tion of nonverbal communication prerequisite from a computing perspective, which is a crucial

prerequisite for enabling e�ective human-agent collaboration [149]. As such, this thesis aims

to explore this prerequisite as its primary aim, focusing on the implementation of gaze as a

viable input modality for enabling e�ective collaboration a�orded by the ubiquity of eye tracking

technology. From literature, we know that gaze is a rich nonverbal communication signal present

in face-to-face human-human interaction. For this thesis, we combine three principles of gaze

to improve the capacity of arti�cial agents to interact with its human counterparts: (1) gaze

signals interest, as the human gaze is drawn to what interests them, (2) gaze precedes action,

as humans look ahead of before performing an action, and (3) gaze is social, as it serves as an

important signal (sender) and a cue (receiver). In addition, the thesis further explores three other

human-centred prerequisites, which are also crucial components for our �nal study (Chapter 8).

To illustrate how gaze awareness can support human-agent collaboration, we situate the thesis

in the context of a competitive gameplay setting where humans and agents form hybrid teams.
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We designed a series of human-centred studies, where each informs the design and development

of a collaborative intention-aware arti�cial agent that recognises human intention a�orded by

combining gaze input into classical models of intention recognition (e.g. observing actions).

Figure 9.1: Overview of thesis studies and outcomes (and how they related to each other).

Figure 9.1 shows the progression of the studies and the relationship between each of them,

i.e. how the outcomes of each study inform the next. Each study investigates the interactions

between a di�erent pair of actors in the scenario, whereby the actors include human non-player

(spectator), human players or arti�cial agents. Study 1 and 2 investigates the utility of gaze in

human-human interaction, focusing on the e�ects of visualisation and awareness in our setting.

Study 3 evaluates the performance of the agent, given its ability to combine gaze into its planning

process. Study 4 focuses on making the ability to predict intentions useful by developing the

communication protocols in order for the agent to communicate its inferences as a �rst step.

Study 5 combines the outcomes from the previous studies, particularly the evaluated prototype

arti�cial agent in Study 3 and the communication protocols in Study 4.

Study 5 focuses on the interaction between the arti�cial agent and assisted-players, given the

ability to predict and communicate intentions of an opponent on behalf of the human-agent team.

The study, therefore, determines whether the agent can recognise and communicate intentions

in real-time while evaluating the experience of the assisted players that receive the predictions

about their opponent’s intentions from the agent.
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Figure 9.2: Relationship between human-centred prerequisites for man-computer symbiosis [155] and
the studies conducted in this thesis (numbered in the top right cell).

As shown in Figure 9.2 above, Study 1 and 2 investigates the utility of gaze from a human

perspective, �nding its ability to predict intention through visualisation of gaze but is also

susceptible to deception. As gaze acts a ‘window into the mind’ [122, 221], players that were

aware of their opponent’s gaze in Study 2 kept track of their opponent’s intentions, either by

recalling where the opponent has looked on the map or by using the aid of a digital map of

Ticket to Ride they annotated on. Subsequently, this awareness allowed the players to build

a mental model of their opponent’s plans, and when combined with in-game actions, players

were able to make predictions with the knowledge that gaze precedes actions. However, as

indicated in our studies, the task of intention recognition is di�cult for humans as gaze, and by

extension, intentions can shift very quickly, presenting new information in a continuous stream.

An observer who wishes to keep track of their opponent’s plans would need to continuously

update their mental model by determining which intentions are more probable. Therefore, the

task of gaze-based intention recognition for humans a cognitively demanding process over time.

Moreover, as shown in Study 2, human observers can be subject to biases in their observations

or in their belief system, and therefore susceptible to deceptive behaviours.

Study 3 shows that the agent can e�ectively model the mental state of the opponent, projecting

not only distal intentions but also alternative plans when gaze is combined into its planning

process. As a result, the study highlights that it is possible to delegate the cognitively demanding
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task of gaze-based intention recognition to the agent, enabling the player to focus on strategy

formulation. Unlike automation, the task of intention recognition is complementary, as the

human player also engages in the task by evaluating the state of the game. When the agent makes

the same predictions as the player, it enforces the player’s con�dence with their own predictions.

Further, the agent demonstrates the ability to provide early predictions to the player as well

as an improved projection, which enables the player to be better aware of future states. The

combination of these capabilities, therefore enables players to be better aware of the situation

to improve decision making. Study 4 focuses on the communication of intentions inferred by

the agent, allowing the assisted player to be updated about the most likely plans (awareness of

future states) of the opponent through natural language. In essence, the agent has to transfer its

mental model of the opponent’s plans in a manageable and e�ective manner.

The thesis shows that by considering Licklider’s four human-centred prerequisites, we developed

a collaborative arti�cial agent that can predict intentions with the capacity to communicate

them as well. From an agent perspective, Studies 1-4 resulted in two models, an ‘intention-

aware’ arti�cial agent model and a preliminary language model of intention communication.

As shown in Figure 3.9, the combination of these models resulted in natural language intention

communication, in which the agent can use to both communicate and explain its inference of the

opponent intentions (or plans) in natural language to the collaborative player. In turn, the ability

to communicate about intentions using natural language supports the human-agent team, as it

emulates to some degree how a human collaborator would perform the same task in the same

setting, including the ability to explain its reasoning process (e.g. what was observed).

Ultimately, by addressing the human-centred prerequisites for the design of a collaborative

agent through a series of human-centred studies, we demonstrated the potential for an agent to

become a better collaborative partner. Study 5 evaluates this potential by evaluating how the

agent would fare in real-time human-agent collaboration. One on end, its ability to perform

gaze-based intention recognition in real-time and whether its resultant predictions are useful to

the assisted-player compared to using gaze visualisation. One the other end, we evaluate how

the preliminary language model fares, in terms of being able to communicate the intentions

and provide transparency about its reasoning process. The study resulted in considerations for

building collaborative intention-aware human-centred AI systems that incorporate gaze input.

207



9.2 Research Questions Revisited General Discussion

9.2 Research Questions Revisited

This thesis investigates the use of gaze to support collaboration between human and arti�cial

agents. To scope the thesis, we have chosen to explore how gaze awareness can support collab-

oration in terms of intention recognition. Knowing the intentions of collaborators and others

such as opponents provides awareness of the situation. In this section, we revisit the research

questions formed in Chapter 2 and summarise the �ndings from the corresponding studies for

each question. The overarching research question addressed in this thesis is:

Main RQ: How might gaze-based intention recognition improve real-time human-

agent collaboration in a competitive gameplay setting?

To help answer this question, we formed three sub-research questions—RQ1, RQ2 and RQ3. As a

�rst step, the thesis focuses on understanding the relationship between gaze and intention from

a human-human perspective in our setting, forming the �rst sub-research, RQ1:

RQ1: Does gaze awareness improve the capacity of a human player to perform
intention recognition in a competitive gameplay setting?
RQ1.1: How do we represent gaze to improve a human’s capacity to perform intention
recognition in a competitive gameplay setting?
RQ1.2: What are the e�ects of gaze awareness for intention recognition in a competitive
gameplay setting?

To answer RQ1, we focus on two aspects, the visual representation of gaze for intention recogni-

tion, as gaze visualisation is highly dependent on context and individual preference (RQ1.1), and

second its e�ects for intention recognition in a competitive gameplay setting (RQ1.2).

Study 1 evaluated that the real-time heatmap visualisation had ideal characteristics that enable

humans to improve their capacity to perform intention recognition, which answers RQ1.1. Study

1 informs the visualisation employed in Study 2, where gaze is displayed to ‘gaze aware’ players

throughout the game. In Study 2, we found that gaze awareness improves the capacity of human

players to perform intention recognition in a competitive gameplay setting. The players were

able to make early predictions about their opponent’s intentions and better triage their strategies

with knowledge of their opponent’s plans. However, there are several downsides despite the
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ability of gaze awareness to improve intention recognition, which led to no net gain in win

rates. The adverse e�ects of gaze awareness include the increased cognitive load due to the

added information and the inability to attend correctly to the task at hand. In general, players

with increased awareness adopted non-optimal strategies (in some sense aggressive, e.g. more

blocking) that were detrimental to their own plans when they became aware of their opponent’s.

With a better understanding of the relationship between gaze and intention, we shifted our

attention towards improving the intention recognition capacity of a prototype arti�cial agent

by incorporating their gaze into its planning process. As part of this thesis, we have begun the

development of a prototype agent alongside from its inception. Using the labelled data set from

Study 2, we evaluated its performance accordingly, forming sub-research question RQ2.

RQ2: Does gaze awareness improve the capacity of an arti�cial agent to perform

intention recognition?

The arti�cial agent uses gaze input as priors and probability distributions to form potential

plans. In short, areas of the interface (i.e. game board) that have received more visual attention

will result in higher probabilities, and the agent will generate potential plans according to the

distribution and in-game actions that have been played. The evaluation in Study 3 showed that

gaze improves the capacity of the prototype arti�cial agent to perform intention recognition.

Further, the agent performs better and is less prone to deceptive behaviours than the human

subjects in the human-human intention recognition study (Study 2). We also demonstrated that

the agent works well for predicting long-term intentions and that it can start to make early

inferences when no in-game actions have been played. However, the agent does not perform

well in situations where no plans or only short-term plans (quickly changing) have been formed.

Nevertheless, the results demonstrate that gaze improves the intention recognition capacity of

arti�cial agents, answering RQ2. The third and �nal sub-research question, RQ3, therefore poses

a broader question with regards to the collaborative design aspects of gaze-enabled agents.

RQ3: How do we design gaze-based intention recognition systems for supporting

human-agent collaboration?
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To answer RQ3, we focused on two aspects, the communication capabilities of the agent and

whether its adoption is bene�cial in our scenario, forming RQ3.1 and RQ3.2, respectively.

RQ3.1: How should an arti�cial agent communicate intentions given the ability to perform
gaze-based intention recognition?
RQ3.2: Does delegating the task of intention recognition to the agent improve the player’s
decision making in a competitive gameplay setting?

To answer RQ3.1, we designed a human-centred study that elicits how human collaborators

would communicate in an assistive fashion, given the ability to perform gaze-based intention

recognition using gaze visualisation (Study 4). The study produced a preliminary language model

of intention communication that provides the format in which predictions should be structured

for e�ective communication, along with the content properties to include in an explanation

when it forms parts of the ‘message’ that is received by an assisted human collaborator.

Study 5 demonstrates the use of the agent in our chosen competitive gameplay setting, where the

agent assists an active human player. The agent autonomously makes predictions about the likely

plans of the team’s opponent as a human teammate would, enabling it to interact with a human

collaborator proactively. The fact that we were able to assign the role of gaze-based intention

recognition to the agent is evidence of its collaborative capacity. Study 5, therefore, evaluates

whether the adoption of the agent together with the language model improves the decision

making of assisted-players. In theory, the increased ‘situation awareness’ of the agent combined

with the reduced perceived cognitive load from the delegation of the cognitively demanding task

of gaze-based intention recognition would improve the decision-making ability of players.

Study 5 �nds that the delegation of the intention recognition task only improves the decision

making of players to some extent. Although the assisted players reported a positive overall expe-

rience when engaging with the agent, the study revealed several further design considerations

for human-agent collaboration to be e�ective. These considerations include the representation

of intentions from the player’s perspective and to determine what the assisted-player already

knows or intends to do from the agent’s perspective, which opens up new avenues for future

research. Returning to the Main RQ, the combined �ndings from the sub-research questions

demonstrate that gaze-based intention recognition has the potential to improve real-time human-
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agent collaboration in competitive gameplay settings. This demonstration is made possible from

the positive �ndings in the thesis but requires further exploration. In the next section, we will

further unpack the implications arising from the contributions from answering the RQs.

9.3 Key Contributions and Implications

9.3.1 Extending the Relationship Between Gaze Awareness and Intention

The �rst contribution of the extends the knowledge surrounding the relationship between gaze

awareness and intention. We contribute the knowledge that observing the gaze of human subjects

over time allows humans and agents alike to recognise their long-term plans (distal intentions).

This capacity is facilitated by the ability to record and process eye movement data in real-time,

along with developments in the �eld of AI. The literature so far has only captured short-term

intentions from observing gaze, mainly due to the task and scenario chosen (e.g. sandwich

making). Unlike recognising short-term intentions (e.g. what someone might do next), being

able to recognise distal intentions provides a bigger picture of the situation and provides the

opportunity to act upon the information. This contribution has direct implications for designing

how human could interact with collaborative agents in the future. Moreover, by enabling gaze-

supported ‘intention awareness’ in arti�cial agents, it complements other forms of awareness in

future agents, such as cognition- and context awareness [3, 44], and therefore, forms part of the

puzzle in endowing virtual agents or embodied agents (e.g. robots) with human-like abilities.

The thesis further demonstrates that gaze can be employed deceptive ways (together with actions)

when human subjects become aware that their gaze is being observed by others, particularly in

adversarial settings such as the scenario employed in this thesis. Chapter 5 provides a taxonomy

of gaze-based deception strategies elicited from participants that attempted to obscure their gaze

to avoid their intentions from being known. In the future, it is possible that humans with the

knowledge that intelligent computer systems are continually tracking their nonverbal cues, and

may attempt to obscure their behaviours. Hence, for gaze input at least, we can use the taxonomy

together with the data set on gaze behaviours, we can begin to investigate how systems can

disentangle between natural and deliberate gaze behaviours, and to design intelligent gaze-

enabled systems that are robust to deception or when gaze is ‘noisy’ or even partial.
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The preliminary analysis in the addendum to Chapter 5 shows that gaze behaviour do di�er

between natural gaze behaviour and deceptive conditions in terms of features. At the same

time, the results in Chapter 6 suggests that the arti�cial agent is less susceptible to deception

than human subjects. Together, it seems plausible to build gaze-aware AI systems that are not

only robust to deception but able to detect deception as well. Hence, we propose a two-pronged

approach for this implication. On one end, we can train the agent to determine how natural gaze

behaviours look like, either independent or dependent to activity using eye movement sets. Any

di�erence from this model can raise �ags on deceptive behaviour (i.e. deviation from a baseline).

On the other end, we can use the taxonomy as a starting point to model how deception looks like

using classi�cation techniques. Then again, the data set from Study 2 is to some degree limited

as it does not distinguish the points in time when players employed deceptive behaviours.

To address this limitation, future research into gaze-based deception could begin by collecting

an empirical data set based on the strategies presented in the taxonomy. Participants in a

well designed study can employ a ‘deceptive frame of mind’ and exhibit the corresponding

behaviours purposefully, eliciting unique gaze behaviours when compared to non-deceptive use.

This analysis would result in complex process, requiring researchers to build a dictionary of

deceptive behaviours for each strategy starting from the lowest level of features. For example,

for gaze decoy, we can start to trace the features when they are looking at their own plans versus

a decoy path with ground truths. Behaviours such as staring deliberately at an area or object for

a prolonged period of time may signal that a decoy plan, as it would be considered ‘unnatural’ to

have a long �xation duration but low �xation count. At the same time, the addition of saccadic

features provides additional insights into the di�erent areas of interest (i.e. areas of actual plans

versus areas of decoy plans), as the deceiver has to look between them periodically. Using the

di�erence in features, we can then start to model the patterns of behaviours for each strategy.

Beyond the vast implication for considering the use of gaze-based intention recognition in AI

systems, especially for collaborative settings, this �ndings on gaze-based deception have direct

implications for non-invasive multimodal deception detection [2, 46]. As gaze provides early

prediction on intentions, it can further be combined with existing approaches for early detection

of deceptive intentions. The existing approaches includes physiological (e.g. thermal imaging),

visual (e.g. facial expressions and gestures), and speech (e.g. verbal style and content) data.
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However, our �ndings so far showed that detecting the di�erences in gaze behaviour is di�cult in

line with existing literature (e.g. [152, 205]). Even with non-deceptive natural gaze and in-game

behaviours, the plans of players, for example, may change quickly, making it challenging to

disentangle the intentions that are abandoned as well. Moreover, as humans can simultaneously

possess multiple intentions, it increases the di�culty in predicting which of the intentions is

likely to be carried out next. In such cases, our approach of combining multiple intentions

together in a plan with alternatives considered (e.g. top 10 plans) may provide the human-agent

team’s insights into the goals of the human, instead of just considering the most likely plan.

9.3.2 Design of a Collaborative Intention-Aware Arti�cial Agent

The second contribution of the thesis is the design and initial evaluation of a collaborative

gaze-enabled intention-aware agent, which constitutes an artefact contribution. In this thesis,

we constructed the agent from the ground up by carefully designing human-centred studies

that inform the di�erent components of the agent, including the collection of a data set for

its evaluation. In essence, we tackled the two core components required for the design of a

collaborative arti�cial agent: the automated recognition of human intentions using gaze (Chapter

6) and its communication protocols once recognised (Chapter 7). We further considered the

explainable capabilities of the agent—an important aspect for building trust in human-agent

collaboration. As a result, the arti�cial agent is not only capable of inferring intentions using the

combination of implicit gaze and explicit in-game actions but also capable in explaining how it

came about its inferences using natural language to a human collaborator.

The design of the preliminary language model in which we considered both the communication

of intentions and its corresponding explanation based on what the agent ‘sees’ has direct impli-

cations for the use of nonverbal communication in future Explainable AI (XAI) systems. Study 4

showed that humans have a unique but natural way to abstract information when explaining

their reasoning process, especially given the ability to make predictions using gaze. Hence, an

arti�cial agent should possess the same capability to do so in collaborative settings. The language

model is based on how humans communicate and subsequently explain the intentions of others.

The model that takes into account di�erent levels of information, from low-level observations to

higher-level associations (e.g. between di�erent areas or objects, between explicit past actions
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and implicit gaze). These behaviours can then be mapped onto text representations in natural

language which essentially abstract the information, enabling the assisted player to receive the

most likely intended plans of the opponent during each communication to prevent information

overload and to reduce the frequency of communication (as to not interrupt the task at hand).

Chapter 8 combines the outcomes of the previous chapters to further evaluate the design of

agent while focusing on the experience of players as they played alongside the agent. The study

provided further design implications with regards to information presentation, the need for

context awareness, usage of nonverbal signals in human-agent collaboration, and the agent’s

explainable agency. The thesis also demonstrates that human-centred design approaches can be

employed for designing and evaluating collaborative multimodal arti�cial agents of tomorrow.

As such, the thesis exempli�es and reinforces how human-computer interaction and interaction

design can better inform the design of human-centred AI systems.

9.3.3 Demonstration of Gaze Awareness for Human-Agent Collaboration

The third contribution of the thesis is the demonstration of gaze awareness for human-agent

collaboration. The working prototype arti�cial agent highlights the importance of incorporating

gaze to improve the inference of human intentions in real-time through nonverbal communication.

By incorporating gaze input into the planning process of a ‘white-box’ model-based arti�cial

agent, it e�ectively extends the interactive capabilities of the arti�cial agent in three ways:

1. Gaze awareness improves the agent’s capacity to predict potential future states much

earlier and more accurately (i.e. long-term/distal intentions). This allows a human in

collaboration to adjust their plans accordingly to suit their goals, or con�rm their own

predictions, and therefore improve their ability to make better-informed decisions.

2. Gaze awareness allows the agent to initiate the interaction by providing timely situation

awareness updates (or queries) proactively. This consequently narrows the “interaction

gap” between the two entities beyond the ability to recognise human nonverbal cues.

This ability is especially bene�cial when the agent is aware of the intentions of both the

collaborator and of others, which would allow the agent to provide contextually-relevant

information or recommendations that directly impact the goals of the human collaborator.

3. Gaze awareness allows for the division of labour in human-agent collaboration. In our
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work, we gave the delegated the task of intention recognition to the arti�cial agent to

reduce the human collaborator’s perceived cognitive load while maintaining their situation

awareness. This division of labour, in turn, allows the human collaborator to better

focus on their tasks and decision making (Chapter 8). Given the agent’s potential to act

autonomously, there are a multitude of ways the agent can provide assistance, for example,

by taking over tasks of the user if the user is currently overloaded based on their gaze.

However, we note that were able to demonstrate these capabilities as we factored Licklider’s

human-centred prerequisites as part of the considerations of the agent. As such, the combination of

the arti�cial agent model (that e�ectively keeps track of a user’s mental model), the preliminary

language model for communicating and explaining inferred intentions in natural language,

and the delegation of the distracting and cognitively demanding task of intention recognition

to the arti�cial agent presents an ideal situation for the thesis. This combination provides a

scenario where automated gaze-based intention recognition in collaborative settings can prove

to be bene�cial while highlighting the importance of addressing the multiple human-agent

collaboration prerequisites to improve the overall experience of the human collaborator.

9.3.4 Implications for Gaze in Human-Agent Collaboration

In this thesis, we posit that ‘for arti�cial agents to work with their human collaborators e�ectively,

arti�cial agents �rst need to harness nonverbal communication cues commonly present in

human-human interaction’. Towards this statement, the thesis worked towards incorporating

gaze into a prototype arti�cial agent, which allowed the agent to increase its capacity to perform

intention recognition. In this thesis, we demonstrated how arti�cial agents could become better

collaborative partners by giving them the ability to infer the intentions of human partners

through their eye gaze, which have direct implications for gaze in human-agent collaboration.

The thesis adopts the same shift in thinking where computers should be viewed as partners

rather than as tools. One of the aims of the thesis is to demonstrate that an arti�cial agent

with gaze awareness can potentially become an e�ective collaborative partner to change the

perception of everyday human users. As we took into account the multiple prerequisites for

human-agent collaboration when designing the interactions with the agent, the demonstration

of its collaborative capacity is evidence of its importance. Prior work has already demonstrated
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the importance of using other nonverbal communication cues such as gestures [149], while in

this work, we contribute the use of gaze into the mix. In the future, the combination of these cues

with the ability to make sense of them will open up new avenues for the �eld of human-agent

collaboration—and for Licklider’s Man-Computer Symbiosis [155] vision to be realised.

In Chapter 2, we described how collaboration is not the same as interaction, as they involve a

subset of characteristics that all parties need to possess for e�ective collaboration (e.g. mutual

goal understanding, preemptive task management and shared progress tracking [29]). Humans

can collaborate with minimal e�ort as they use a range of communication cues, which helps

mitigate communication overhead on a single channel or necessary communication. An arti�cial

agent that is aware of the situation, can reduce communication overhead by only interacting

when required. At the same time, the agent can also determine when and how it should interact.

Moreover, we can look towards interacting with embodied arti�cial agents, such as in intelligent

social robots. Our work demonstrates the potential to give robots the ability to infer human

intent. Therefore, we can start to imagine how robots might collaborate with humans in everyday

life. For example, can a robot prepare to hand me a tool that I need from inferring my intentions?

One of the contributions of this thesis is the capacity of arti�cial agents to recognise ‘long-

term’ (or distal) intention recognition, in which we also proposed a generalisable approach for

implementation. Therefore, we can also begin to explore its use in complex human-agent teaming

settings where knowing the intentions of others is essential (e.g. air tra�c control, wargaming).

9.3.5 Implications for Gaze in Human-AI Interaction

Based on current predictions, it is likely that most Human-Computer Interaction will eventually

shift towards Human-AI Interaction. Arti�cial intelligence in recent years has transformed

changed how we interact with technology and will continue to do so [260]. One of the broad im-

plications of our work is how AI can be used to mediate gaze input in human-human interaction.

One of the primary motivations for adopting an arti�cial agent to process gaze is the adverse ef-

fects of using gaze visualisation. Gaze visualisation presents a straightforward way to implement

gaze input to create ‘awareness’ in human-computer interaction, particularly in computer-

mediated interaction. This approach hinges on the ability of the human observer to make sense

of the information. As gaze is highly correlated with the locus of attention [24], it has been
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shown to be bene�cial in most scenarios. However, there are limits with regards to its use,

especially when we start to think about scalability. For instance, it might be possible to scale

gaze up to three users in a triadic collaboration scenario using gaze visualisation. However,

beyond this number of users, it will begin to clutter the interface. Hence, our approach of using

an agent to infer gaze poses a solution to the problem of scalability. The gaze-enabled agent can

act as a mediator between users or human teams, one that can infer the intentions of all users

and make personalised recommendations as well based on the intentions of all parties.

Remote work has become an important theme in 2020, and prior work has shown the strengths of

employing eye tracking in remote collaborative settings into computer-meditated communication

(CMC) scenarios (e.g. [11, 143]). Through this work, we can start to see how gaze-enabled AI

can further improve collaboration through mediation between humans as a starting point, such

as abstracting intentions of large teams to �nd common ground. Further, we can look towards

other domains such as learning, where multimodal sensing is being explored [89, 229, 230, 228].

Our work has implications towards novel paradigms for interaction with automated systems,

such as Schmidt and Herrmann [218]’s Intervention User Interfaces. By knowing the intentions

of a user and of others (especially implicitly), the system can not only adapt to the situation but

also intervene when required, such as in to prevent errors or the warn users. More broadly, the

contributions in this thesis highlight the importance of incorporating nonverbal communication

in human-AI interaction. In existing work, nonverbal modalities such as gaze have been used

for context- and cognition-aware ubiquitous interactive systems [45]. The ability to recognise

intentions (i.e. ‘intention-awareness’) shown adds another dimension to these forms of awareness.

To elaborate, context-awareness allows the AI to know what the user is currently doing, which

would allow them to adapt their interaction according, such as to provide contextually-relevant

information, re�ective of how humans interact and communicate with others. Subsequently,

cognition-awareness supports information intake, which allows the AI to determine when it is

the right time to convey the information based on the user’s cognitive load and engagement, and

further optimise the level of communication required. Lastly, intention-awareness allows the AI

to be aware of what users may be planning in the short- and long-term. This capability enables

AI systems to establish common ground while maintaining the autonomy to provide crucial

information or perform actions ahead of time, based on the inferred intentions of all users.
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9.4 Limitations and Future Work

9.4.1 Arti�cial Agent Intention Recognition Performance

In this thesis, we developed and evaluated a prototype ‘intention-aware’ arti�cial agent model

that incorporates gaze into its planning process, showing that gaze input increases its capacity

to infer intentions. We opted for a model-based approach to intention recognition as there we

did not have su�cient data to train a data-driven model, but also that it allows to us interrogate

the model (i.e. ‘white-box’) and therefore a�ords higher explainability. An inherent limitation

of using a model-driven AI approach for processing gaze data is that it is di�cult to model the

di�erent gaze behaviours that may represent intentions, resulting in lower accuracy. However,

this di�erentiates our approach with the existing work which adopted data-driven approaches

(Section 2.5), and that it has the potential to be generalised with knowledge of the domain.

The prototype implements two �xation-based features—�xation duration and �xation count—to

update its gaze model. Using these basic ‘low-level’ gaze features, we increased the weights

of the cities in two ways: when the player �xates on the cities (nodes) and on the routes that

are related to the cities (edges). As an example, the probability for Denver also increases when

the player �xates on the route connecting Denver to Helena. The two features allowed for the

agent to handle situations where players looked at an area for a long period and repeatedly

looked at an area of interest. While this weighting method provides an acceptable way to

generate plans based on interest based on our evaluation, the agent does not take into account

the patterns of gaze behaviour. For instance, when a tracked player constantly compares two

areas of interest, a human observer can easily discern such patterns and factor them into their

strategy. A gaze-enabled agent should be able to make sense of the same observations as well.

In future work, we can potentially combine our model-driven approach with a data-driven

approach to increase the overall performance of the agent, in addition to improving the model

itself. As a �rst step, we can potentially increase the agent’s intention recognition performance

by incorporating the knowledge abstracted from analysing the gaze patterns of a tracked user.

The use of gaze patterns in an intelligent interactive system is well demonstrated in Qvarfordt

and Zhai [202]’s RealTourist. For instance, their study showed that gaze patterns could reveal

when a user is no longer interested in a particular object, which has direct implications for our
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arti�cial agent. The current agent iteration lacks a decay function to manage its probability

distribution, whereby the areas that have not received gaze after some time has passed could

signal that the user is no longer interested. Without such a function, the agent considers all the

detected points of interest from the start of the game even when plans change.

The consideration of multiple generated plans (e.g. top 10 most likely plans) instead of only

considering the top most mitigates this limitation to some extent. Hence, the ability to detect

disinterest through understanding gaze patterns would allow the agent to improve its perfor-

mance by disregarding the intentions that have are no longer relevant. The RealTourist paper

identi�es two ways this can be detected, either using a temporal approach such as a decay

function (i.e. reducing probability of the objects that no longer receives �xations after some

time) or by understanding gaze pattern that signal disinterest i.e. a data-driven approach [201].

Additionally, the inclusion of gaze patterns in future work can improve the automated mapping

between the detected gaze behaviours and its corresponding explanation. As a result, the agent

can further improve how it explains its predictions by discerning what a tracked user is trying

to do, re�ective of the inferences using the rule-based assembly by the ‘wizards’ in Chapter 8.

9.4.2 Arti�cial Agent Communication Aspects

Information Presentation

A signi�cant limitation of our approach in Study 5 is the full use of textual representations to

convey human intentions (Chapter 8). While this serves as a good starting point, it caused the

players in our study who were unfamiliar with the game to underutilise the predictions from

the agent, as they needed to be spatially aware of the layout of the interface to understand the

predictions (i.e. the location of cities or map areas). Further, the text-based updates essentially

took the assisted players ‘out of the game’, as they had to read and understand the predictions

communicated before acting on them. It is also possible that players were forced to divide their

attention between the game and the predictions that appeared in the pop-up. These limitations

suggest the manner in which the agent communicates intentions requires further exploration.

In future work, we can potentially address this limitation by either exploring novel techniques

for presenting the information to a user, or by allowing the user to interact with the information
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but in a way that it is well-integrated into the interface. In our case, we can use a hybrid approach

by combining a visual overlay over the interface (i.e. map) to highlight the parts of the map with

precise intentions and augmented the information with on-screen natural language annotations

that include explanations (see Figure 9.3). We call this visual explanation of intentions. A step

further would be to enrich the combination with other modes of output such as speech for

narration or to provide multimedia clips to provides insights. These approaches are akin to a

co-located human teammate pointing (using a �nger) at the screen while providing explanations.

Figure 9.3: Example of visual explanation over the Ticket to Ride game.

An alternative way to present the information from gaze is the use of non-live gaze visualisation,

as mentioned in Chapter 5. Our �ndings in Chapter 8 suggests that using a visual overlay of gaze

does have some merits, such as enabling players to quickly to understand the information without

knowledge of the interface (map of Ticket to Ride). We acknowledge that some information

that players might �nd critical may be lost when moving from gaze visualisation to using the

AI for abstraction. Non-live gaze visualisations could also help to avoid the distraction e�ects

observed in our studies. Therefore, we can potentially design and implement mechanisms that

give each player a summary of where their opponent has looked, and for how long. A similar

implementation is GeoGazemarks, where �xations were recorded and clustered to give a history

of a user’s points of interest to support free map exploration [90]. Chapter 5 additionally suggests

that it would be bene�cial to give players some control over the gaze visualisation style, such as

the ability to change its appearance or switch it on and o� to manage the �ow of information.
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One of the limitations in Study 5 is that the players had no control over when the predictions were

presented, causing players to be interrupted with the pop-up or distracted by the new information

provided. A pop-up noti�cation without showing predictions outright may allow for an improved

experience, enabling the user to access the information if needed or when convenient (e.g. not

while they are taking their turn). These capabilities can be integrated by providing the agent

with the knowledge that the user is currently engaged in an activity (context-awareness). The

agent can further manage the cognitive load of the user by holding back new information, scaling

back the information or taking over a task for the user (cognition-awareness). Hence, in future

work, we will further explore the when and how aspects of presenting the information, and the

e�ects of giving users control over how they access and interpret the information.

One-Way Communication

In our �nal study, Study 5, we operationalise the agent to infer intentions of the opponent on

behalf of an assisted player (Chapter 8). The agent, therefore, abstracts the intentions from its

observations (gaze and in-game actions) and subsequently communicates them periodically in

natural language. This development trajectory adheres to our goal of providing an arti�cial

agent with the capability of performing gaze-based intention recognition, as stated in Chapter 1.

This capability is then combined the preliminary language model of intention communication

derived in Chapter 7 for the agent to provide support to a human collaborator. Consequently,

the agent’s primary mode of collaboration is solely to support the player by continuously predict

the intentions of the team’s opponent and subsequently communicating them.

On the other hand, the human player’s role is to focus on playing the game, as the focus of the

study was to investigate the e�ects of using an intention-aware gaze-enabled arti�cial agent. As

described in Chapter 8, this interaction approach is akin to ‘AI-advised human decision making’,

where the system provides information and the human makes the �nal decision based on the

information past and present [22]. Bansal et al. [22]’s motivation for approach comes from the

fact that humans and agents have complementary strengths and abilities, which mirrors Licklider

[155]’s Man-Computer Symbiosis vision. Some similar examples presented are interactions with

machine-learned models that are not perfect but are helpful such as for medical diagnosis or

object classi�cation. With limited ability to provide information to the agent, it limits the
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support the agent can provide, such as the ability to engage in collaborative decision making.

Furthermore, when we look novel paradigms for interaction such Intervention User Interfaces

[218], our arti�cial agent being autonomous would also need to know when to intervene.

In future work, we will investigate the e�ects of two-way communication between the human

and the arti�cial agent. The agent, with its ability to perform gaze-based intentions recognition,

presents novels ways of interaction when we start to think about what the types of queries that

the agent can potentially handle. One approach is to allow the human to naturally converse

with the agent informed by using dialogue models (e.g. [159]), which has several positive e�ects

on the interaction between the human-agent team. For instance, the agent with the ability

to consider additional input from the player such as ‘what-if’ queries will allow the agent to

generate alternative predictions based on intentions to support the human player in decision

making. Moreover, conversing the agent can help the human-agent team enables the team to

�nd common ground, such as through negotiation. This capability is crucial when their mental

models of the opponent’s intentions do not match, such as when the human player does not

agree with the predictions made by the agent or is not clear about the predictions that were made.

An agent with the capacity to factor in various input from the human collaborator can further

enable the team to engage in more complex collaborative activities, and beyond the screen.

Further, in Chapter 8, the agent provided predictions at two levels, abstract (prediction only) and

detailed (prediction with explanation). This is re�ective of the levels in the Situation Awareness-

based Agent Transparency (SAT) model [58] adopted, where abstract predictions are Projections

(Level 3), and detailed predictions are Projections+Reasoning (Levels 2 and 3). Given the ability to

converse with the agent, it essentially provides the human collaborator with the ability demand

for the information instead of the agent providing periodically. This ‘demand-driven’ approach

for requesting information as needed has been explored in preliminary study [244], where

authors investigated demand-driven transparency for monitoring intelligent agents to avoid

information overload. In a study with 36 participants, in which participants were given control

over the level of transparency level (‘demand-driven’) derived from the levels in SAT model,

the results indicate an improvement in performance, response time, usability, trust and error

detection. Hence, in future work, with two-way communication can give users this control.

However, we must be wary that two-way communication is more time-consuming because the
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human user has the opportunity to feedback and to question what has the agent has commu-

nicated. In our case, it might take the player ‘out of the game’ as their attention is focused on

what information the agent can provide. Using the experimental setup in Study 5, Madumal et

al. conducted a study to validate an existing model of discourse-driven explanation (two-way

communication) [160]. In the study, players communicate with the ‘wizard’ through the chat

application, and either the ‘agent’ or assisted-player can initiate the interaction. The ‘agent’

could provide predictions about the opponent’s plans and also explain its reasoning if required.

The observations of the study showed that the interactions between the players were relatively

short, suggesting that the player did not engage the agent for long periods. The dialogue ends

when players obtain the information they required, which was more e�cient as they had control

over what to query. The dialogue also ends when the agent’s assistance is no longer required.

Therefore, the study suggests that human collaborators with control over the information they

require, such as when and what (in line with ‘demand-driven transparency’ [244]), using two-way

communication would potentially improve the overall collaboration in the human-agent team.

9.4.3 Arti�cial Agent Collaboration Capacity

The thesis presents an account of humans collaborating with an arti�cial agent that can perform

gaze-based intention recognition, in our case, collaborating against opponents in a competitive

gameplay setting. The studies in the thesis focused on inferring the intentions of an opponent

as a �rst step. Hence, in the �nal study of the thesis, Study 5, the agent supports the human

collaborator by solely communicating the intentions of the opponent through natural language.

This has inherent limitations with regards to the collaborative capacity of the agent. For instance,

the agent does not provide contextually-aware information about the intentions of the opponent

and therefore might communicate information that may be redundant to the user, or irrelevant

to the plans of the player. While the agent performs the task of gaze-based intention recognition

on behalf of the human-agent team, it only presents a small step towards is potential collabora-

tive capabilities. In terms of degrees of symbiosis, the interaction represents a commensalistic

symbiotic relationship, where one party bene�ts but the other is neither harmed or helped [70].

In future work, we plan to increase the arti�cial agent’s collaborative capacity by factoring

in the intentions of the assisted player as well. The combination of the intentions of both the
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assisted player and the opponent, which can be inferred implicitly through gaze, will enable the

agent not only provide intentions that may in�uence the plans of the player but also provide

recommendations based on the knowledge of the intentions of both players—in some ways,

working towards a mutualism symbiotic partnership, where both parties bene�ts as partners [70].

Nevertheless, recommendations from AI systems—even if imperfect—can result in human-AI

teams that perform better than either the human or the AI system alone [22].

This potential for this capacity is demonstrated in Study 5, where we show that the agent can

process and communicate intentions in real-time by observing a human player (i.e. the opponent)

and that is possible for the agent to track the intentions of the assisted-player simultaneously.

The plans of the assisted-player can also be communicated explicitly to the agent by means

of dialogue, annotation, other forms of interaction. Therefore, for an arti�cial agent provide

recommendations in our scenario, the agent needs to keep track of the mental models of both

players and then discriminate them accordingly. As a �rst step, the graph visualisation may o�er

some ideas on how this might look like for the agent in real-time (see Section 6.4.4). The graph

can be used to display the plans of both players from our data set simultaneously and visualise

any overlap in plans in a di�erent colour. By employing a similar human elicitation study as

described in Chapter 7, we can start to determine how humans convey recommendations with

knowledge of the plans of both players for collaboration using the graph.

Moreover, the condition in Study 5 where the agent communicates detailed predictions, was

an extreme case where we gave the ‘most complete’ explanation possible without considering

what the assisted-player already knew, leading to the communication of redundant information.

This redundancy is exacerbated when the predictions of the agent did not change, as the same

information would be communicated over again. The subjective assessment of this condition

shows that it is indeed necessary to keep a model of what the player already knows, or what has

already been communicated, to reduce distracting information and increase the e�ectiveness of

each communication. By doing so, it will prevent the agent from repeating the same information

over again, and adapt it according to whether it needs to be communicated again (e.g. on critical

information). Moreover, context-awareness would allow the agent to adjust the level of detail

when communicating intentions. The combination of more concise information and more timely

predictions would, therefore improve the human and agent to collaborative with each other.
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9.5 Concluding Remarks

The thesis investigates how gaze-based intention recognition supports real-time human-agent

collaboration in a competitive gameplay setting which highlights the importance of incorporating

nonverbal communication in human-AI interaction. The use of nonverbal communication is

common in humans, especially for coordinating collaboration, but it is di�cult for computers

to understand and therefore utilise. Through human-centred design approaches, the thesis

demonstrates the role of gaze awareness in increasing the intention recognition capacity of

humans and arti�cial agents alike, in terms of accuracy and timeliness. As a result, the thesis

contributes a working prototype agent that can not only increase its capacity to perform intention

recognition with gaze, but also its ability to support a human collaborator by communicating

the infer intentions in natural language. When designing the communication protocols of the

agent, we further considered its capacity to explain, which is important for building trust with

the agent—a�orded by our ‘white-box’ planning approach, allowing us to interrogate the model.

Overall, the thesis highlights the importance of nonverbal communication for supporting human-

agent collaboration. We broaden our insights into the relationship between gaze and intention,

showing that arti�cial agents can be better collaborative partners with its ability to keep track of

intentions. At the same time, agents with the ability to explain can better support in terms of

�nding common ground and mutual understanding for human-agent teams. These capabilities

are re�ective of how partners collaborate and by using the agent, which not only emulates the

capability of human collaborators but can augment human capability as they can recognise

intentions earlier and more accurately. Our success so far shows the strengths of adopting a

human-centred design approach towards the design of collaborative AI systems.

Lastly, the thesis shares the same vision as Licklider’s Man-Computer Symbiosis, where humans

and computers would develop a ‘symbiotic relationship’, where the strengths of one counterpart

would counterbalance the limitations of the other. The success of our agent is possible as we

have considered the prerequisites. As discussed, there is further scope to improve the agent’s

capabilities, especially in terms of its performance, communication and collaborative capacity.

In future work, we will explore these improvements to further evaluate the strengths of using

nonverbal communication for human-agent collaboration in hopes that future interactions

between humans and AI will continue to become more social, natural and e�ective.
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ABSTRACT
In this paper, we investigate nine different visual represen-
tations of gaze in a competitive digital game setting. We
evaluate the ability of spectators to infer a player’s intentions
in the game for each visual representation. Our results show
that spectators have a remarkable ability to infer intent accu-
rately using all nine visualizations, but that visualizations with
certain characteristics were more comprehensible and more
readily revealed the player’s intent. The real-time Heatmap
visualization was the most highly preferred by participants
and the most effective in revealing intent, due to its ability to
balance real-time gaze information with a persistent summary
of recent gaze behaviour. Our findings show that eye-tracking
visualization can enable playful interactions in competitive
games based on players’ ability to interpret opponents’ atten-
tion and intention through gaze information.
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INTRODUCTION
Players’ nonverbal signals are an important element in many
competitive board and card games. By monitoring an oppo-
nent’s body language, facial expressions and gaze direction, a
player can infer their next moves or call their bluffs. Gaze is
a strong signal of a person’s area of attention and interest [9],
and can give away unintended information—what psychol-
ogy researchers call ‘nonverbal leakage’ [8]. Gaze is equally
important in collaborative settings, as a cue for collaborators
to monitor each other’s attention and coordinate their actions
[14]. Despite its importance in co-located settings, shared gaze
awareness is typically absent in remote multiplayer games. In
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Figure 1: An opponent’s gaze presented as a real-time Heatmap over
Ticket to Ride game showing interest in the east coast of the North Amer-
ica. This is an animated figure and it is best viewed in Adobe Reader.

this paper, we demonstrate an opportunity to bring shared gaze
awareness into this setting by comparing nine different ways
of visualising gaze within a digital multiplayer version of a
popular board game—Ticket to Ride1.

The advantages in observing a partner’s gaze in a collaborative
task are clear, leading researchers to build multiple systems
where users’ gaze points are streamed over a network to im-
prove coordination [3]. However, the opportunities for gaze in
competitive settings are more nuanced. Recent studies have
explored these possibilities by using visualizations of players’
gaze to open up novel gameplay experiences and increase so-
cial presence [16, 20]. Normally in remote multiplayer games,
a player’s only clues for predicting their opponents’ current
and future plans are the in-game actions they have previously
taken; players do not have access to the bodily cues (such
as gaze) that enrich the experience of games played around
a table or in a shared space. When given information about
an opponent’s gaze in a networked game, a player can build
hypotheses about what their opponent is thinking through ob-
servation of the areas or game elements that receive the most
visual attention. This creates further opportunities for a player
to deliberately manipulate their own gaze behaviour to de-
ceive an opponent about their plans and goals. This contrast
between the tendency for observed gaze to reveal intent and
the ability of a player to use their eye movements deceptively
makes shared gaze awareness a rich resource for game design.

1https://www.daysofwonder.com/online/en/t2r/
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However, studies on shared gaze visualizations for various
applications have found that the introduction of shared gaze
awareness can be disruptive, often being referred to as ‘dis-
tracting’ and ‘confusing’ [6, 16]. We hypothesise that this
is caused by two primary problems with gaze visualization
for digital interfaces. First, the way in which gaze has been
visually represented in past works may be inadequate or ill-
suited for the task and setting. This is expected, as the design
of visual representations in graphical user interfaces is highly
dependent on their context of use. This problem is exacer-
bated by an inherent problem with gaze: gaze is ‘always on’,
which makes designing gaze representations difficult as the
technology cannot distinguish between focused scrutiny and
more absent-minded looking.

Second, humans are not accustomed to interpreting visual
representations of gaze, as the focal point of gaze is ‘invisible’
in normal interpersonal interaction. Gaze information can be
‘noisy’ due to the jittery movements and the way the eyes
work (fixation-saccade-fixation cycle), and this is reflected
in the representations. Gaze data is difficult to interpret and
often misunderstood [6], as even trained professionals in eye-
tracking evaluations make use of a range of gaze visualizations
to make sense of the same collected data. Further, as gaze is
fast-moving and never entirely still, any real-time visualization
overlaid on a user interface adds a highly distracting element
that may interfere with the viewer’s own thought process.

To effectively use gaze awareness in a game, the designer must
understand how the choice of gaze visualization will affect
players’ understanding and enjoyment. Inspired by how play-
ers observe the gaze of one another in tabletop boardgames, we
selected a popular board game—Ticket to Ride—for the pur-
poses of our research. Using recorded clips from eye-tracked
gameplay, we assessed nine gaze representations in three dif-
ferent stages of the game (early, mid, late). This paper serves
as an initial novel groundwork for determining the characteris-
tics of gaze representations that allow human players to make
inferences about other players’ intentions and into derivation
of potential insights into their strategies (goals and plans).

RELATED WORK
In this section, we summarise related works that require a
user to interpret gaze representations of another, which falls
into two key areas: research on shared gaze, and works that
compare and interpret the use of gaze representations. We have
chosen to exclude works related to eye-tracking evaluations in
which gaze data is interpreted by trained professionals, as our
interest is specifically on the ability of non-specialist users to
interpret visual gaze representations.

Shared Gaze
Shared gaze systems are those that give users the ability to
see the gaze of a partner, typically to improve communica-
tion and coordination between pairs in collaborative problem-
solving tasks. Here, the eyes are typically not directly visible,
and the addition of a gaze visualization provides a comple-
mentary layer of nonverbal communication. Knowing where
someone is looking can provide rich information, from infer-
ence about their intentions to clues about their current cogni-
tive activity (based on behaviours such as scanning, focused

interest in an object, and repeated comparison of different
objects) [24]. With this knowledge, much research in HCI
(Human-Computer Interaction) has used gaze in collabora-
tive settings to foster coordination. For instance, Stein and
Brennan [24] found an improvement in problem-solving task
performance when another person’s gaze was used as a cue.
Gaze has been shown to be effective in co-located settings,
e.g. when multiple users perform a visual search task on a
large display [29]. A common approach is to present a user’s
gaze as a cursor overlaid on the shared visual display space,
to create an awareness of that user’s focus area [5, 24].

Gaze has shown promise when used implicitly with other
modalities in remote communication. Qvarfordt and Zhai ap-
plied gaze in a dialogue system, where a remote assistant is
able to detect the interest of a remote user through their gaze
patterns while conversing with them (remote user is unaware
that their gaze is being tracked) [22]. Tracking gaze behaviour
can serve as a natural deictic pointer and thus reveal inter-
est in a natural way. Brennan et al. have demonstrated that
shared gaze can be more efficient than speech for the rapid
communication of spatial information (spatial referencing) [3].

Despite the numerous benefits mentioned, gaze as an input
suffers from inherent problems is that gaze is ‘always on’,
related to the ‘Midas Touch’ problem that leads to accidental
triggering of gaze-enabled interface widgets [12]. To com-
bat this, gaze is often paired with another modality, such as
voice interaction; however, this can also lead to confusion
when there is a mismatch between gaze and voice inputs [6].
However, in competitive settings, this ambiguity can work as
a resource for game design, revealing a glimpse into players’
intentions without giving it away entirely.

Gaze Representation
How gaze information is represented strongly influences gaze
interaction [4]. We reviewed two recent works in HCI that
compare and contrast gaze representations to gather design
implications for our study. Zhang et al. evaluate gaze repre-
sentations for use in co-located collaboration, where two users
share a screen and two gaze points are represented [29]. From
a review of prior works, the authors selected four different gaze
visualization formats for testing—Cursor, Trajectory, High-
light and Spotlight—of which participants preferred highlight
and spotlight. The authors determined that attaining a bal-
ance between visibility and distraction was one of the biggest
challenges when designing and selecting gaze visualizations.

In another work, Li et al. designed and evaluated two gaze
representations aimed at improving the coordination between
pairs of users [17]: zoom focus and gaze trail. Both repre-
sentations used fixations processed from the gaze stream; the
former aimed to show the precise location of a fixation, while
the latter aimed to show the most recent gaze locations. Zoom
focus was found to be cognitively demanding and gaze trail
was found to have excessive information. The authors con-
clude that when designing gaze representation, one should
consider distraction and visual information.

Games Context and Summary
Gaze is an emerging input in computer games, with a focus on
using a player’s own gaze as a direct control mechanism to en-
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Figure 2: Top: The nine real-time gaze representations selected. Bottom: How each representation appears over the game Ticket to Ride. L-R: (a) Dot,
(b) Cursor, (c) Spotlight, (d) Fixation, (e) Scanpath, (f) Fixation Trail, (g) Heatmap, (h) Convex Hull and (i) Bee Swarm.

able novel playful experiences [25, 26]. There is growing inter-
est in implementing gaze as a mechanic for multiplayer games,
in both cooperative [19, 21] and competitive [16, 20] settings.
While the use of gaze in cooperative gameplay can directly
leverage the findings of ‘shared gaze’ literature (e.g. [21]),
competitive gameplay presents a different design challenge,
as players have opposing objectives and are more likely to
see different information on screen. We seek to find a gaze
representation for use in competitive games that maintains the
game balance, giving neither player a disproportionate edge
over their opponent while not being disruptive to gameplay.

The existing literature makes clear that there is a need to
balance visibility, distraction and visual information. Fur-
thermore, we note that the problem with a majority of gaze
representations is that they are designed to be used in post-
processing of gaze data. Therefore, there is a need to design
and evaluate novel gaze representations, such as that presented
by Li et al. [17], to cater for settings where gaze input is not
commonly used. Before we can design novel gaze represen-
tations, we need to understand the intrinsic characteristics of
existing representations in relation to the context of use. In
the next section, we present a variety of visual gaze represen-
tations that we have selected for use in our study.

REAL-TIME GAZE REPRESENTATIONS
Figure 2 shows the nine visual gaze representations which
were evaluated in this study. For each representation, we pro-
vide an account of its current applications, its characteristics
and the parameters for our use in the study. Most of the rep-
resentations are common in existing in eye-tracking software,
such as Tobii Pro Studio2. These representations are primar-
ily used for gaze data analysis and to replay collected gaze
data. We also considered a wide selection of representations
from works that: (1) survey gaze representations (e.g. [2, 18]),
(2) evaluate gaze representations (e.g. [29]) and (3) use gaze
for interaction (e.g. [21]). In making our selection, we re-
quired the representations to be clearly distinguishable from
one another. The selection was based on the characteristics
conspicuousness and visual information (see Table 1). We
chose the term conspicuousness (rather than ‘visibility’) to
highlight the degree to which the representations can be used
to display and draw attention, beyond just how well the viewer
is able to see the representation. Visual information refers to
the amount of information the representation provides. This is
2http://www.tobiipro.com

Representation Conspicuousness Visual Information Category

Dot Low High Point
Cursor Low Low Point
Spotlight Low Moderate Point
Fixation High Low Trajectory
Scanpath High Moderate Trajectory
Fixation Trail Moderate Moderate Trajectory
Heatmap Moderate High AOI
Convex Hull Moderate Low AOI
Bee Swarm High High AOI

Table 1: Real-time gaze representations in relation to conspicuousness
and visual information.

measured by the amount of aggregated gaze data used to gener-
ate the representation in addition to its overall size. We further
sub-categorised the selected representations by their character-
istics into three equally-sized subgroups: (1) Point-based, (2)
Trajectory-based and (3) Area of Interest (AOI)-based.

Point-Based Representations
For this category, we first selected two types of gaze repre-
sentations previously examined by Zhang et al. [29]: cursor
and spotlight. We then added the commonly-used dot repre-
sentation as a contrast to the first two in terms of precision
and visual information. The point-based representations are
mapped directly to the real-time gaze coordinates from the eye
tracker. To reduce the jittery motions that naturally arise from
eye movements, we applied a weighted moving average filter
[27] on top of the eye tracker’s already lightly filtered data to
smooth out the motion. This gave all three representations a
hovering effect when a user’s eyes moved across the screen
and reduced distracting jitter during gaze fixations.

Dot: This representation appears as a translucent red dot, akin
to a laser pointer beam or, at larger sizes, a torch beam (Fig. 2a).
It has commonly been adopted for use in gaze-based interac-
tion as a deictic pointer and has been demonstrated to be an
effective referential pointer to facilitate coordination in remote
collaboration [1]. This representation allows a viewer to see
gaze with high precision but can be potentially distracting.
Our implementation used a 0.5 opacity with a radius of 30-px.

Cursor: This representation is a large ring with a transparent
centre (Figure 2b). Its use has been demonstrated by Zhang et
al. [29] and in GazeArchers [21], a game in which two players
use gaze and touch simultaneously on a shared surface. Fur-
ther, Tobii divisions has implemented a similar representation
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in many of their recent products (Tobii Gaming3 Gaze Trace,
Tobii Pro Gaze Share4). Tobii Pro also uses this representation
for their wearable eye tracker controller to view the gaze of
a user in the real world in real-time. This representation is
equivalent to the size of the foveal vision which is about the
size of a thumb at arm’s length, making explicit the confidence
range of the gaze estimation. We matched the size of this
representation to default size of Tobii’s Gaze Trace (150-pixel
radius) and coloured the outline in grey to give this a low visi-
bility. This representation provides more visual information
than the previous representation (Dot) as it allows users to see
what is enclosed in the ring as opposed to a specific point.

Spotlight: Figure 2c depicts this representation where the gaze
point is shown as a red circle with high opacity in the centre
and decreasing opacity towards the edges. This was the most
widely preferred representation in Zhang et al.’s evaluation
[29]. It was noted to be more subtle and less distracting due
to the reduced overall visibility and conspicuousness. We
modified the parameters to suit our study, reducing its overall
size to a radius of 90 pixels (30 pixels at the highest opacity)
and changing the colour to red, as white blended into the light
background of the map area of the Ticket to Ride game board.

Trajectory-Based Representations
The representations in this category use the sensitive fixa-
tion stream provided by the eye tracker’s SDK to reveal the
sequence of points at which the player has recently looked,
leaving behind a short history of the player’s gaze. We initially
drew from professional eye tracking usability studies that use
animated representations to replay gaze data. In our review,
we found similar representations being used in eye tracking
research. For example, Qvarfordt and Zhai use a scanpath
representation to infer dynamic eye movements in their study
[22]. We also found proposed representations aimed to en-
hance remote collaboration, demonstrating the importance of
assessing representations that fall into this category [17]. A
red fill is used for representations in this category, with each
fixation presented as a translucent ellipse.

Fixation: This representation aims to illustrate points of focus
by displaying a single, unmoving fixation point as a red dot
(Figure 2d). When a player maintains their fixation, the dot re-
mains small in size. If the distance to the next fixation is within
a threshold, the dot becomes larger. In real-time, this represen-
tation gives the appearance of small eruptions occurring on the
interface that indicates whether a player is sustaining attention
in an area (large dots) or flicking around between multiple
areas (small dots). This representation was inspired by the
‘Live Viewer’ feature in the Tobii software, which Higuch et al.
implemented for use in a remote collaborative scenario [11].
Our adaptation removes the elements of direction (tail, fade)
used in other implementations to potentially reduce the mental
load. Therefore, participants see a single point that appears
then disappears instead of following a point.

Scanpath: The scanpath representation shows the length, du-
ration and direction of gaze by using a sequence of fixations
connected by a line (Fig. 2e). Variation of this representation
3https://www.tobiigaming.com
4https://tobiicloud.com/share/

has long been used to visualise gaze patterns in both psychol-
ogy, eye tracking usability studies and in HCI. This represen-
tation has been used unidirectionally such as in Qvarfordt and
Zhai’s study to show the interest of a remote unaware user,
or bi-directionally such as in Jermann and Nussli to improve
communication in a remote pair-programming scenario [13,
22]. We implemented this representation based on Goldberg
and Helfman [10]. Many approaches have been presented to
overcome the problem of visual clutter such as by bundling
close fixations into a single point. Another approach is to
use time duration such as in previous works (e.g. 5 seconds
[28]. Instead, we opted to limit the number of fixation bundles
displayed to 5, reduce the visibility of the lines connected the
fixation bundle and removed other elements such the number-
ing of each fixation bundle to reduce visual information.

Fixation Trail: This representation was originally proposed
by Li et al. to illustrate gaze paths as opposed to a single fixa-
tion point [17]. In our study, we renamed this representation
to Fixation Trail (originally Gaze Trail) as it uses fixation data
and leaves a trail of fixations (see Figure 2f). Li et al. believe
that the availability of prolonged gaze information allowed
participants to make references to multiple locations (e.g. con-
trasting two different fixation clusters). This representation is
different to Scanpath in that we fixed the size of the fixation
to a 30-px radius. Only 5 fixation points remain fully visible
while the remainder fades over time.

AOI-Based Representations
In this category, we selected gaze representations that allow
an observer to view the Areas of Interest (AOI) at which the
user has looked as a whole rather than a specific point. Repre-
sentations in this category use fixations aggregated over time.
We can control how much visual information is displayed by
adjusting its time window. Our implementation uses 120 fixa-
tion points (2̃ seconds) so as not occlude the screen (increase
visibility, reduce visual information). We selected three repre-
sentations with varying levels of visual information based on
their popularity in eye tracking research.

Heatmap: Heatmaps represent the distribution of gaze points
by a colour gradient (Figure 2g). We included this representa-
tion as it has commonly been used to visualise data in many
domains and is not limited to eye tracking. In eye tracking us-
ability studies it is also used for aggregating the gaze data from
multiple participants. While the representation requires the
aggregate participant data, it is possible to display a dynamic
heatmap of a single tracked user [7]. Our implementation
calculates the density of fixations within a 2-second window
and displays the heatmap accordingly. The window size in
our implementation attempts to balance visual information,
allowing several ‘hot spots’ to be shown but do not remain for
too long that it starts to occlude the interface.

Convex Hull: This representation is also known as Cluster
(Tobii Pro) which display areas with a high concentration of
gaze points as polygons to shows areas of interest (Figure 2h).
Our implementation uses the fixation data stream in which
we use to render a convex hull polygon in real-time using a
clustering algorithm. As the stream continuously updates the
convex hull, this creates a shifting polygon that shows the
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area in which the area is interested in. When the player looks
rapidly between two points, the polygon stretches towards
the points, but when the focus on a small area is high, the
representation becomes small. This representation aims to
provide minimal visual information of the area in which the
participant has shown interest in.

Bee Swarm: Bee Swarm has been typically used to replay
gaze points of several subjects against dynamic content such
as videos, allowing efficient comparison of recordings from
several subjects. Our variation aims to emulate this representa-
tion for use with a single user by displaying all fixation points
in the last 2 seconds in which we enclose in a convex hull (Fig-
ure 2i). Each point was 5 pixels in radius with a red translucent
fill. This visualization allows the player not only to see where
the area in which the opponent was looking but the also points
within that area. When the user focuses in a particular area, the
points will become denser in the area, revealing an interest in
the area. This representation has the highest amount of visual
information as it combines characteristics from both AOI- and
point-based representations.

RESEARCH DESIGN
In this study, we aim to understand the following research
questions derived from our review of the literature:

[RQ1] How well are human subjects able to infer intent
from a range of gaze representations?
[RQ2] What characteristics of gaze representations enable
humans to perform better in predicting intentions?
[RQ3] Do gaze representations have an influence on pre-
dicting intent in a competitive gameplay setting?

To answer these questions, we adopted a spectator (‘third per-
son’) approach. This means that participants other than the
players watched clips of gameplay sessions after the fact, with
different clips featuring different gaze representations. We
chose to make our participants spectators rather than active
players in order to simplify the task they were asked to per-
form, as they could focus on interpreting the gaze data without
worrying about managing their own strategy. This decision
was informed by the common finding in prior works that live
gaze data can be highly distracting from a task at hand [17,
20, 29]. As this was the first study to assess people’s ability
to infer intent from gaze data of a remote opponent in a game
setting, we decided to begin with a more concentrated test of
interpretive ability, before introducing the distractions of live
gameplay in a future study.

We recorded our data in two stages. In the first, we recruited 8
players to record 4 games of our selected game—Ticket to Ride
(described below) in which one player’s gaze was shared. In
the second, a separate group of 27 participants watched short
selected clips (< 1 minute) of the recorded gameplay from
the perspective of the player who could see the real-time gaze
representations. These participants provided an assessment of
each clip, which we used in our analysis. A secondary benefit
of this two-stage approach was that we were able to conduct a
larger number of gaze visualization assessments in a shorter
period of time than would have been possible if all participants
had had to actively complete multiple games. This enabled a

Figure 3: Participant assessing a clip in a lounge room setting.

larger sample size for this foundational work, which we will
build on in future studies involving active players.

Application
We developed a custom networked system that overlays real-
time gaze visualizations over any application (see through,
click through). We used this application to stream gaze data
between two laptops, each equipped with a Tobii EyeX eye
tracker, in different rooms. We streamed two types of gaze
data concurrently from the SDK: the lightly filtered gaze data
and the sensitive fixation data. Our application is capable of
displaying the gaze of one or both users simultaneously, mean-
ing that we have the ability to switch on the gaze of one user
to be visualised by themselves or by another user. Moreover,
we can easily switch the gaze between representations through
a control window on an extended screen.

Game and Stages
In Ticket to Ride, each player competes to claim train routes
between cities across a map of North America, seeking to
connect certain pairs of cities (‘tickets’) in a continuous path
of linked routes. Only one player can claim each route, and
players do not know which cities their opponent is seeking to
connect. Therefore, players must place their routes carefully,
staying alert to the risk that their opponent will claim a route
before them and block the most convenient path between their
goal cities. Keeping information hidden plays a large role in
Ticket to Ride, as a player can gain significant advantages over
their opponents by correctly guessing which routes they are
planning to take. Hence, Ticket to Ride works as an excel-
lent use case for our study for several reasons. First, it is a
widely-played board game, already familiar to many, with a
digital game version that is almost identical to the board game;
and because it has relatively simple rules involving clear goals
and actions, which can be learned in under 15 minutes by
interested players who have not played it previously. Second,
as a tabletop game, it demands constant attention, requiring
regular thought processing and frequent changes to short- and
long-term strategies. This affords us to obtain a range of be-
haviours to display. Third, Lankes et al. have determined
that turn-based games are better-suited to gaze transfer appli-
cations (as opposed to real-time first person shooters) [16].
This is because such games give players the opportunity to
alternate between playing their own moves and watching their
opponents’ behaviour as they take their turn. Fourth, it is a
map-based game, in which the players’ focus and strategic
calculations are closely concentrated on the geography of the
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Figure 4: Method for analysis for Area of Interest (AOI) Estimation and Route Prediction.

map; gaze awareness and eye movement studies with map-
based applications have been shown to be highly successful,
as the static map gives users a point of reference [15, 22, 29].

As a playthrough of Ticket to Ride progresses, the map be-
comes increasingly populated with trains, and the strategic
information available to the players becomes consequently
richer while their choices of unclaimed routes become more
constrained. Each player starts with a stock of 45 trains, and
the game ends when any player’s stock of unplaced trains falls
below three. We use this train stock as a metric for game
progression to divide the recorded games into three stages:
early (45-31 trains), middle (31-16 trains), late (15-0 trains).
The early stage is typically given over to planning, and plac-
ing trains are minimised as players try not to give away their
goals. The middle stage sees greater competition for routes,
and is where players often find themselves clashing over the
most efficient paths between their respective goal cities. The
late stage involves players either slotting in the last remaining
routes that they need, seeking to block their opponent, or look-
ing for other routes they can pick up extra points. We include
an even selection of representations of each stage in our study,
as we hypothesised that the usefulness and relevance of gaze
visualizations might change as the game progresses.

Gaze Visualization Recording
We recruited 8 players (4 pairs) to record the necessary game-
play clips between a naive player (whose gaze was being
recorded) and an aware player (for whom their opponent’s
gaze was visualised). Both players were placed in separate
rooms with an experimenter and given the opportunity to play
the in-game tutorial for up to 10 minutes to understand the
rules and mechanics of the game. Once the naive player was
confident with the game, they were asked to perform the de-
fault calibration provided by the eye tracker. The naive player
does not know that they are being watched to record and ob-
serve ‘natural gaze’. Meanwhile, the aware player was briefed
that different gaze visualizations would be shown to them and
that their opponent was not aware that their gaze was being
shown. Each pair played three games, and the gaze representa-
tion was changed at every stage of the game. We recorded the
displays using Open Broadcaster Software (OBS) Studio5 and
logged the gaze data with our custom application.

5https://obsproject.com/download

Following the recordings, we reviewed the videos and noted in-
stances in which the naive player exhibited various behaviours,
such as planning, checking game counters or tickets, and look-
ing for routes to claim on the map. From the videos, we
selected three short clips for each of the nine gaze visualiza-
tion formats: one in early game, one in middle game and one in
late game. This gave us a total of 27 clips, exhibiting a variety
of behaviours, and balanced between stages to control for the
influence of game stage. Moreover, as different visualizations
were used in different stages of different games, we are able
to randomise the clips further. The length of the clips ranged
between 20 and 60 seconds. All clips were saved without au-
dio, to remove any potential sound clues such as the recorded
player speaking aloud about their opponents’ plans. As ex-
pected, the aware players experienced a level of distraction
causing them to be drawn away from their own strategy and
that some visualizations were preferred over others. However,
we disregarded the feedback to avoid any early speculations.

STUDY
For the second stage of our study, we recruited 27 participants
from the University of Melbourne. There were 11 male and
16 female participants, aged 18 to 44 years (mean=25.6), and
included undergraduate students, graduate students and non-
faculty staff. Only two had previously played the board game
version of Ticket to Ride, but 17 indicated they had played a
game of the same type in the past week. Participants were
compensated with a $5 coffee voucher for their time. We
encouraged participants to watch a short video6 that describes
the rules and objectives as part of the recruitment process.

Procedure
Upon arrival, participants were greeted and seated comfortably
in a lounge room setting, facing a 48-inch (1080p) television
display connected to a PC as depicted in Figure 3. They com-
pleted a consent form and a simple demographic questionnaire
and were briefed on the rules of Ticket to Ride. The facilitator
showed them an example clip of gameplay footage and with it,
explained how they should assess each clip on a paper survey,
with the measures outlined under ‘Measures and Analysis’.
Here, the facilitator ensured that the participants understood
the rules of the game and what was required of them before
starting the study. Each session ran between 30 to 60 minutes.
6https://www.youtube.com/watch?v=uDODCHcj6Sg
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Representation Early Mid Late Overall

Heatmap .44(.78) .68(.63) .73 (.75) .62(.72)
Fixation Trail .48(.41) .66(.72) .48 (.75) .54(.62)
Dot .59(.49) .37(.55) .67(.36) .54(.47)
Cursor .46(.73) .68(.68) .44(.28) .53(.56)
Fixation .63(.72) 51(.87) .41(.80) .52(.80)
Scanpath .40(.65) .50(.79) .65(.70) .52(.71)
Bee Swarm .59(.58) .36(.63) .43(.72) .46(.64)
Convex Hull .40(.62) .17(.44) .23 (.44) .27(.50)
Spotlight .24(.37) .25(.43) .28 (.65) .26(.48)

Table 2: AOI Estimation Results. Precision(Recall).

We employed a repeated-measures design: each participant
was shown all 27 (3 stages × 9 visualizations) clips, each of
which was considered one study ‘condition’, representing one
gaze visualization format and one game stage. Participants
were divided into three sets (A, B and C), and the order of the
clips was randomised for each set.

Participants were given a maximum of 10 seconds to analyse
the game and board state before the clip was played. In almost
all cases, participants indicated that this was enough time for
them to understand the game state, either with a verbal ac-
knowledgement or a non-verbal indication such as a nod of the
head. This time limit was imposed to prevent the participant
from basing their inferences too heavily on reasoning about
the layout of the game board, rather than the visualizations of
the gaze data, and in order to more closely approximate a live
gameplay setting in which the gaze information would be pro-
cessed and responded to quickly. The facilitator encouraged
participants to think aloud about what they were seeing, and
to ask for any clarifications about the game if required. After
the participant had viewed and assessed all 27 clips, they were
finally asked to rank the nine gaze visualization formats from
most preferred to least preferred. In summary, we collected a
total of 27 participants × 9 visualizations × 3 stages = 729
responses for each of our dependent measures.

Measures and Analysis
In response to each clip, participants were asked to record
the following five pieces of information: (1) Area of Interest
Estimation, using a map of the game board they circled the area
(or multiple areas) in which they believed the gaze-tracked
player had been interested. (2) Route Prediction, on the same
map they highlighted any specific routes that they thought
the gaze-tracked player was planning to build upon. They
were also encouraged to write a short interpretation of what
the gaze-tracked player was thinking during the clip or to
explain their interpretation of the gaze behaviour out. (3) They
rated how informative they found the gaze visualization in the
clip on a 7-point scale ranging from Not informative at all to
Extremely informative. (4) They rated how well they felt they
could predict the gaze-tracked player’s intentions in the clip
on a 10-point rating scale. Participants were permitted to skip
any of these questions when they felt unable to give a response,
for example, if they could not predict any routes upon which
the gaze-tracked player was considering to build. Finally, we
collected (5) Qualitative Responses at the end of the session,
participants were asked to rank the representations in order of
preference and explain the reasoning behind their choices.

Representation Early Mid Late Overall

Bee Swarm .70(.37) .67(.43) .43 (.28) .60(.36)
Cursor .69(.85) .54(.37) .53 (.19) .59(.47)
Heatmap .57(.31) .63(.29) .50(.63) .57(.41)
Scanpath .40(.46) .45(.26) .63(.25) .50(.32)
Spotlight .50(.22) 49(.26) .25(.14) .41(.20)
Fixation Trail .44(.14) .50(.17) .26(.26) .40(.19)
Dot .59(.37) .37(.14) .10(.04) .35(.18)
Fixation .37(.44) .26(.14) .27(.21) .30(.26)
Convex Hull .25(.11) .27(.10) .74(.02) .20(.08)

Table 3: Route Prediction Results. Precision(Recall).

Area of Interest Estimation and Route Prediction
To determine how closely each participant guessed the area
of interest of the naive player, we compared the intersection
of each response against the ground truth for the respective
condition. Participants recorded their responses by circling
the corresponding area in the map. To be able to analyse this
data digitally, we scanned the highlighted pages and extracted
the contours of the highlights using a custom-built OpenCV
computer vision application. To establish a ground truth, we
generated 2D density maps from the gaze data in each clip
using the R statistical package. We then refined the AOIs
against the manual analysis of the clips, discarding outliers
that did not correspond to the routes the player eventually
built. We then compared the intersection of the two regions,
computing the precision (area of intersection divided by the
total area circled by the participant) and the recall (area of the
intersection divided by the area of the ground truth contour)
of the participant’s estimate (see Figure 4, top path).

Similarly to the analysis of the AOI Estimation, we scanned
the highlighted maps and extracted the highlighted routes
using our OpenCV application (see Figure 4, bottom path).
We established the ground truth by recording the routes that
the player eventually built after the clip. We also recorded
routes that the player was considering to build but never
did. We inferred such routes based on evidence from their
hidden goal cards, subsequent game actions, and in-game
comments. As with the AOI Estimation, we operationalise
their performance primarily based on precision and recall,
but also considered their harmonic mean i.e. F-Score (F =
2× (precision× recall)/(precision+ recall)). The details of
these performance metrics are explained by Rijsbergen [23].

Quantitative and Qualitative Responses
For our third and fourth measure, we will use descriptive statis-
tics to analyse how informative as well as the predictability
of the gaze representation. To gain richer insights beyond the
quantitative performance data, we collected subjective percep-
tions in three ways. First, we transcribed all verbal comments
as they thought out loud when watching the clips. Second, in
the questionnaires for the clips, participants answered an open-
ended question that asked them to predict what the player was
thinking. Third, we transcribed the interview about their order
of preference at the end of the study. We were particularly
interested in comments beyond the areas of interest and routes,
including potential strategies, such as building a route to block
the opponent, planning a route, verifying whether they have
enough resources to build a certain route.
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Representation Early Mid Late Overall

Spotlight 5.1 (1.0) 5.1 (1.1) 4.8 (1.0) 5.0 (1.0)
Heatmap 4.8 (1.0) 5.0 (0.8) 4.9 (1.0) 4.9 (0.9)
Cursor 4.9 (1.3) 4.8 (1.4) 4.6 (1.3) 4.8 (1.3)
Dot 5.1 (1.6) 4.8 (1.1) 4.1 (1.7) 4.7 (1.5)
Fixation 4.7 (1.0) 4.5 (1.2) 4.6 (1.1) 4.6 (1.1)
Scanpath 4.7 (1.0) 4.5 (1.2) 4.8 (1.0) 4.6 (1.1)
Bee Swarm 4.6 (1.1) 4.6 (1.3) 4.4 (1.4) 4.5 (1.3)
Fixation Trail 4.4 (1.2) 4.7 (1.0) 4.3 (1.0) 4.5 (1.1)
Convex Hull 3.2 (1.2) 3.6 (1.4) 3.0 (1.5) 3.3 (1.4)

Table 4: Ratings of Informativeness Results 1 Not Informative at all - 7
Extremely Informative). Score (Standard Deviation)

RESULTS
We report the results of the nine visualizations at each of the
three game stages and their overalls. Five primary metrics
are reported: the percentage overlap of the AOI indicated by
the participant against the AOI detected by the software; the
performance between routes predicted by the participant and
routes plausibly considered by the naive player; participant
ratings of the visualizations’ informativeness; participant self-
assessments of how well they can predict what the naive player
is planning to do; and participant rankings of gaze visualiza-
tion preference. Lastly, we compared the scores from their
performance in our first two metrics against the last three.

Area of Interest Estimation
Table 2 shows the precision and recall for each representation,
ordered by precision. The order of the performance of the
visualizations in terms of precision were the Heatmap (.62),
followed by the Fixation Trail (.54), and finally the Dot (.54).
This means that these are the best representations for selecting
areas of interest within the ground truth. In terms of recall,
the Fixation (.80) was the best performing, followed by the
Heatmap (.72) and the Scanpath (.71). This indicates that
these were the representations in which the selected area cap-
tured a larger area within the area of interest. If we combine
both metrics using the F-Score, we find that the overall best
representation was the Heatmap (.66), followed by the Fixa-
tion (.63) and the Scanpath (.63). To test whether the stage
of the game had an effect on the precision and recall, we con-
ducted a repeated-measures ANOVA for each representation.
Except for Spotlight, we found that the stage had a significant
effect on the stage on the precision and recall. Precision sig-
nificantly increased in the Heatmap and Fixation Trail as the
game progressed, and decreased in the remaining conditions.

Route Prediction
Table 3 shows the computed precision and recall results for
each visualization ordered by precision. The best perform-
ing visualizations when it comes to route prediction in terms
of F-Score are Cursor (.52), Heatmap (.48), and Bee Swarm
(.45). Convex Hull was ranked significantly lower in both
precision and recall (.20 and .08 respectively) and this was
primarily from the late stage precision score (.02). The other
low score noted, also in the late stage, is the Dot representa-
tion recall score (.04). We tested the effects of the gameplay
stage on both precision and recall for each representation using
repeated-measures ANOVA. For precision, only the Scanpath
representation showed significance (p = 0.014) in which a

Representation Early Mid Late Overall

Heatmap 6.3 (2.0) 6.7 (1.9) 7.1 (1.7) 6.7 (1.9)
Cursor 7.0 (1.7) 6.1 (2.0) 6.6 (2.0) 6.6 (1.9)
Scanpath 6.0 (1.5) 6.0 (2.2) 6.6 (1.6) 6.2 (1.8)
Fixation 6.9 (1.7) 5.4 (2.1) 6.3 (1.5) 6.2 (1.9)
Spotlight 6.2 (1.7) 6.5 (1.5) 5.6 (1.9) 6.1 (1.8)
Bee Swarm 5.9 (2.1) 6.2 (2.0) 5.8 (2.3) 6.0 (2.1)
Fixation Trail 6.1 (1.7) 6.2 (1.5) 5.6 (2.2) 6.0 (2.0)
Dot 6.9 (2.3) 5.7 (1.8) 3.8 (2.0) 5.5 (2.4)
Convex Hull 4.0 (1.8) 4.7 (2.0) 3.9 (2.1) 4.2 (2.0)

Table 5: Predictive Ability Results. Score (Standard Deviation)

Bonferroni post hoc test showed a significant difference be-
tween the mid and late stage (p = 0.0069). Here, we note that
the Scanpath representation is the only representation to have
increase in precision from the mid stage (M = 45.5) to the late
stage (M = 63.4). A majority of representations, 6 out of 9
(Bee Swarm, Heatmap, Spotlight, Fixation Trail, Scanpath and
Convex Hull), remained precise for the early and mid stages
but significantly becomes less precise in the late stage. Both
Fixation and Cursor precision dropped significantly from early
(M = 37.3, M = 69.1) to mid game (M = 27.2, M = 54.0) but
remained consistent in the late game. The precision of the Dot
representation dropped linearly from early to late stage. There
was no significant effect on recall on the gameplay stages.

Ratings of Informativeness
The responses follows a normal distribution (Pearson chi-
square normality test, p < 0.05), in which calculated the mean
scores and standard deviation for each visualization for each
stage, and overalls (see Table 4). We test the effects of stage
on their rating on informativeness using repeated-measures
ANOVA and found a significance in the mid and late stage (p =
0.0247). We tabulated the results and ranked them by overall
rating accordingly. We found that Spotlight (5.0), Heatmap
(4.9) and Cursor (4.8) received the highest rating while Convex
Hull was rated significantly lower (3.3). Heatmap had the
lowest deviation (0.9) among the visualizations showing an
agreement among participants on its informativeness.

Self-Assessment of Predictive Ability
We ran the same statistical tests used in the previous measure
and found that the responses also follows a normal distribution.
We calculated the mean scores and standard deviation of each
visualization for each stage and overalls, and ranked them by
overall rating (see Table 5). We proceeded to test the effects of
stage on the responses using repeated-measures ANOVA and
found significance in the early and late stage (p = 0.331). The
results shows that Heatmap (6.7), Cursor (6.6) and Scanpath
(6.2) received the highest rating while Dot (5.5) and Convex
Hull (4.2) was rated significantly lower than the others.

Preference Rankings
Figure 5 shows the ranking data for each representation by
all participants, showing that the Convex Hull was ranked the
lowest (M = 2.0) while Heatmap was the highest ranked (M =
6.7). Cursor and Scanpath also was ranked highly. We further
analysed the ranked data using the Friedman test in which we
found a significance (p < 0.05). The post hoc test showed that
Convex Hull representation was ranked significantly lower than
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Figure 5: Boxplot of Preference Ratings given for each visualization.
(BS) Bee Swarm, (C) Circle, (CH) Convex Hull, (D) Dot, (F) Fixation,
(FT) Fixation Trail, (HM) Heatmap, (SL) Spotlight and (SP) Scanpath.

all other representations. We ran the Friedman test once again
but this time removing the Convex Hull representation from
the test. We found that there were no significance differences
between the other rest (p = 0.07547). We proceeded to analyse
the interviews to gain further insights into these preferences.

We received many positive insights into why Heatmap was
ranked the highest and preferred by a majority of participants.
Participants that gave the Heatmap a high score mentioned its
‘persistence’ i.e. the visualization gave them a moment to make
an inference before it fades away (e.g. “I like that it stayed on
the screen for awhile” [P3]). A small number of participants
(e.g. P7) noted that they were familiar with the visualization
having seen or used them in other domains, noting its inherent
usefulness. When participants were asked why they preferred
Heatmap over the others, a majority they mentioned that they
had difficulty following them. Two contributing factors for
this were (1) speed (“too quick” [P16], “moved too much
and too quickly” [P11]) and (2) lack of conspicuousness (e.g.

“more subtle ones are harder to keep track of” [P19], “it was
hard to see” [P25]). Some participants mentioned that the
Scanpath visualization blended into the game making it hard
to differentiate (e.g. P20) while others found it useful (e.g.

“I like it because it gives you a track.” [P11]). Conversely,
some participants did rate visualization that falls under point-
based category highly. Participant 22 provided his explanation,
stating that he preferred the point-based representations as
he was able to process the visual information quickly and
described trajectory- or AOI-based representations as “a lot
going on”. Participants often compared Convex Hull and Bee
Swarm and found that the ‘red dots’ made it better (e.g. P17).
Bee Swarm’s ability to have persistence yet show movement at
the same time it is probably a reason why it scored well in the
route prediction measure. Overall, participants provided rich
feedback, noting that AOI-based representations were good for
predicting overall strategy while point-based representations
appear to be better moment-to-moment attention.

DISCUSSION
Our study explored the characteristics of nine visual repre-
sentations of gaze to determine which was most effective at
conveying intent to an observer by exploring relationship be-
tween the characteristics of representations and human ability
to infer intent from them. This section discusses the results
from the five metrics as well as the post study interviews.

Representation Performance and Preference
Once again Convex Hull was largely indecipherable to partici-
pants, with the lowest scores for route prediction and close to
the lowest scores for AOI estimation. However, the other AOI-
based visualizations, Bee Swarm and Heatmap, had among
the best results for route prediction. Unlike Convex Hull,
these visualizations can clearly display both the broad area of
sustained interest and the focal point of the player’s moment-
to-moment attention. The Heatmap shows multiple hot spots
and recent zones in which the player has looked. Interestingly,
Bee Swarm performed well for route prediction but relatively
poorly in AOI estimation measure. Our version of the Bee
Swarm is encompassed by a convex hull display, which allows
viewers to see at a glance the general region of the player’s
gaze while their more exact moment-to-moment attention is
captured by a large number of rapidly-propagating red dots.
We believe that participants used the convex hull to narrow
their focus, enabling them to see the routes more clearly;
avoiding a visual search for the next sequence.

Conversely, Fixation Trail and Dot performed strongly for AOI
estimation, but relatively poor for route prediction, suggesting
that these visualizations were effective at conveying general
information but were not fine-grained enough for inferring spe-
cific intent. We believe that trajectory-based representations
caused participants to divide their attention between two areas
of interest and this was specifically mentioned by Participant
22. None of the point-based representations performed partic-
ularly well. We believe by the time participants start to make a
connection between objects, the visual has moved somewhere
else, causing them to start making a new inference elsewhere.

The Heatmap gaze representation overall scored highly in all
five measures, and this is primarily attributed to its ability to
provide a high level of visual information by using averaged
information. Moreover, Heatmap takes a small amount of time
to ‘heat up’ and cool down, allowing the player to know areas
which are gaining interest and losing interest. We earlier noted
that Scanpath performance increased from the early-mid to
late stage of the game which may be reflective of the nature
of the game. Towards the late stage players tend to track the
missing paths which reduces the search space and enhances
the performance of the Scanpath gaze representation. Further,
with the increased availability of other cues to select from as
the game progresses, a sustained gaze (presenting sustained
interest) at a location is likely to signal with greater confidence
the likelihood of an intention to action. To some degree, we
expected the Heatmap to have performed the best being a
well-used representation. On the other hand, the Convex Hull
was notably disliked, being given the lowest or second-lowest
ranking by all but four participants.

Preferences were mixed for the rest, with a wide variation in
scores indicating that different participants valued different
characteristics. The trajectory-based representations were all
ranked relatively highly; we hypothesise that this is because
trajectory-based representations naturally calls attention to the
connections between different points of interest as the player
moves their gaze between them without overloading the user
and therefore remained neutral in our results.
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Interplay Between Game Cues and Overall Scores
As expected, we found that participants make use of in-game
and behavioural cues to predict routes such as by observing
what cards the naive player looked at or picked. From the
game analysis, there was 17 showed cards being picked and
many participants drew conclusions by matching the route seen
and card colour which is a probable cause of differences in
scores between the clips. Across all visualizations, prediction
accuracy was lower in the late game than in the early and
mid game. We consider several factors that may account
for this trend, with different implications for the use of gaze
visualizations in other contexts. First, the visual clutter on
the screen increases as the game progresses, so that in the
late game there are substantially more train routes that may
potentially distract the viewer from the gaze representation.
Second, the number of available routes is lower in the late
game, which tends to require players to draw more convoluted
routes; the combination of zigzagging existing routes and
fewer possibilities may increase the difficulty of recognising an
obvious path that the player is aiming for. Third, the behaviour
of the player is likely to be different, as they transition from
long-term planning in the earlier stages to opportunistic route-
grabbing and path-blocking in the late stage; this behaviour
may be more difficult for a viewer to interpret. We believe
that it is plausible that all three of these factors play a role,
but based on our own observation of the game recordings, we
expect that the third factor to be the most significant as gaze
behaviour clearly shows a different pattern late in the game.
This is exhibited in our results such as in the case of the Dot
representation where the naive player was looking for was
considering a route to build between a few potential routes.

Humans naturally rely on explicit actions as they confirm their
thoughts, such as in real life. Regardless of representation
shown, we are impressed at the ability of participants to put
themselves into the mind of the player with the introduction
of displayed gaze. In the same way, spectators rely on these
actions, and therefore participants employ a variety of cues
in making inferences. However, we observed in our study
that some participants better than other in keeping track of the
elements in the game, allowing them to make better inferences.

Design Implications
Our results present various implications towards the digital
games community. First and foremost, we demonstrated the
possibilities of using different types of representations to dis-
play mental processes (e.g. intention) of players in real-time,
which has direct implications towards game developers. When
using gaze explicitly for use in games, game developers must
be wary of how it is actually used in its execution. For ex-
ample, when we the tested the Convex Hull representation,
it worked well allowing two developers to reveal what the
other was looking at. However, during our evaluation, Con-
vex Hull obtained consistently low scores revealing a flaw in
our implementation when converting a static visualisation to
real-time. Then again, this consistently low score gave us
a reference point and confidence in the validity of our data.
The design of gaze representations should further consider the
amount it reveals without giving it away as it would give a
player a disadvantaged. Imagine playing a game and your op-

ponent is constantly one step ahead of you. For the evaluation
of games in real-time with gaze visualisation (implicit use),
representations such as the Heatmap can be used to reveal
intentions of players from natural gaze behaviour, and there-
fore provide insights into whether players understand the task
in hand or is making correct strategic decisions. Second, a
range of selectable gaze visualizations can implemented in live
game streaming platforms such as Twitch, where audiences to
create sensory excitement and anticipation. For example, audi-
ences can anticipate intentions of live players before the actual
move, providing a new experience. Lastly, players themselves
can benefit from visualisations the gaze of their opponent in
the form of an in-game ‘power up’ to create new gameplay
experiences, especially in similar competitive contexts.

CONTRIBUTIONS, LIMITATIONS AND FUTURE WORK
This work presents three main contributions. First, we provide
an understanding of the role of gaze and its importance to
game designers in choosing and designing the right visuali-
sation. Second, an assessment of how people interpret visual
gaze visualisations, which has not been done before in this
context. The findings also highlight the effect of the differ-
ent techniques on the inferring ability. Third, we contribute
the assessment of AOI-based representations in the context of
gameplay. Limitations wise, we used clips in our study from
the entire game session which might not be comprehensive to
show the goals of the whole game but enough to determine
short term intention. Moreover, as each visualization was
tested in only three different clips, it is possible that one out-
lier clip could affect the overall result for that visualization;
nevertheless, we have taken this into account in our reporting
of the findings. We also acknowledged that we only used an
example of a strategic game to demonstrate gaze. However,
we believe our findings apply to similar games.

Our future work focuses on players, where we give one player
the ability to predict intentions using a real-time Heatmap,
and with room for deceptive or misinterpreted behaviours to
happen. We have also considered testing the viability of our
findings with a different game (e.g. on with a less cluttered
board) to provide further insights into the generalisation of
our results. Furthermore, our work has further implications in
gaze-aware artificial intelligence, and we have begun putting
together a planning-based AI that predicts players potential
intentions based on the recorded games from this study.

CONCLUSION
This paper contributes the groundwork for determining the
characteristics of gaze representations that allow human play-
ers to make inferences about other players’ intentions and to
derive insights into potential strategies. This has been achieved
by measuring the performance of human in their ability to pre-
dict intentions using a range of visual gaze representations.
Our results showed us that human subjects have a remarkable
ability to infer intent with the introduction of gaze. We con-
clude that representations that show both characteristics of
point- and AOI- based representations would work well in our
setting. Our work ultimately contributes gaze input as a viable
implicit modality in multiplayer competitive computer games
and with broader implications towards the games community.
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ABSTRACT
In competitive co-located gameplay, players use their oppo-
nents’ gaze to make predictions about their plans while simul-
taneously managing their own gaze to avoid giving away their
plans. This socially competitive dimension is lacking in most
online games, where players are out of sight of each other. We
conducted a lab study using a strategic online game; finding
that (1) players are better at discerning their opponent’s plans
when shown a live visualisation of the opponent’s gaze, and (2)
players who are aware that their gaze is tracked will manipu-
late their gaze to keep their intentions hidden. We describe the
strategies that players employed, to various degrees of success,
to deceive their opponent through their gaze behaviour. This
gaze-based deception adds an effortful and challenging aspect
to the competition. Lastly, we discuss the various implications
of our findings and its applicability for future game design.
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INTRODUCTION
In face-to-face communication, our eyes have a dual function:
to perceive the environment and to signal our point of interest
within that environment [20]. In this context, gaze is an im-
portant behavioural cue that reveals our unspoken intentions
to other people [7]; researchers call this “nonverbal leakage”
[15]. As a result, interpreting gaze is a competitive element in
many games, where players can gain advance warning of what
their opponent intends to do by accurately reading their gaze.
Variations on this tactic abound in all types of games, from
poker players wearing sunglasses indoors to hide their eyes, to
footballers using a “no look pass” to mislead opponents about
the direction in which they will move the ball. As these ex-
amples show, counter-strategies for gaze interpretation range
from the defensive (obscuring gaze) to the delusive (portraying
a false intention through gaze).
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By contrast, digital games rarely allow for gaze interpretation,
as players are hidden behind screens and sometimes physically
remote from each other. In a recent survey of gaze interaction
in games, Velloso and Carter found an increasing number of
applications in single-player scenarios [41], but limited usage
in multiplayer and online games. HCI researchers have begun
to explore the uses of shared gaze awareness in multiplayer
games, finding that gaze visualisation can increase the feeling
of social presence between remote players [27, 33]. However,
despite its prevalence in face-to-face games, gaze-based de-
ception in online gameplay has not yet been the subject of
published research. This paper contributes the first study (to
our knowledge) of human-to-human deception through gaze
visualisation in an online strategic game.

In this study, we observed pairs of players engaged in an on-
line turn-based strategy game with incomplete information, in
the form of hidden objectives. Each player’s gaze was tracked
and, in some conditions, transmitted to their opponent and dis-
played as a dynamic heatmap overlaid on the game. The study
involved three rounds of the game, corresponding to three
study conditions: no gaze visualisation, gaze visualisation of
an unaware player, and gaze visualisation of an aware player.
First, consistent with the findings of our prior study [34], the
findings of this study showed that players made more compre-
hensive and more precise predictions about their opponent’s
intentions when they were shown a gaze visualisation of an
opponent that was unaware they were being tracked. Second,
we find that players who knew their own gaze was being visu-
alised were able to deceive their opponent with gaze, through
both obscuring their true intentions and conveying false inten-
tions. Following, we discuss the implications and applicability
of these findings for future game design. Lastly, this paper
contributes a typology of such gaze deception behaviours, cat-
egorised as dissimulation and simulation deception strategies
according to the general theory of deception [4, 5].

LITERATURE REVIEW
Gaze and Intention
Gaze is a powerful form of nonverbal communication, as its di-
rection alone can convey a number of signals, including one’s
current point of attention and future intentions [26]. Gaze of-
ten gives away this private information without our knowledge
or intent, as “nonverbal leakage” [15]. It is common therefore
for players in face-to-face games to peek at their opponents’
eyes to obtain clues as to what they will do next. Psycholo-
gists theorise that this inherent human ability to discern others’
intentions stems from our Theory of Mind—the ability to put
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ourselves into another person’s position and imagine how they
might think and act—and that gaze is an important component
to this ability [3, 28].

Gaze observation is a missing component in much technology-
mediated human-human interaction. With the emergence of
affordable eye trackers, researchers have begun to explore its
uses in remote collaborative settings using visual representa-
tions of gaze (e.g. [2, 10, 30, 40]), and have shown that it can
improve both communication and coordination. Similarly, a
small body of work has emerged in recent years that explore
eye-tracking technology as an input for digital games. Pri-
marily this has concerned the creation of novel gaze-based
gameplay experiences [39, 41], with only a few studies to
date looking at shared eye tracking in competitive multiplayer
games including our own [27, 34, 35, 40]. Typically, players
of online games cannot see their opponents and so do not have
access to the kinds of immediate behavioural cues (such as
gaze) that enrich the experience of playing games in a phys-
ically shared location. In our previous work on the subject,
we found that adding a visualisation of an unseen player’s
gaze into a digital game allowed spectators to make accurate
predictions of what the player was planning to do, based on
the areas of the screen receiving the most visual attention [34].

However, digital gaze visualisation is not a perfect replacement
for face-to-face gaze observation. Researchers have found that
live gaze visualisation from an eye tracker can be distracting
and difficult for the observer to interpret, especially when there
is a mismatch between gaze and other forms of communication
[11, 30]. Furthermore, HCI researchers have found that the
intended meaning of gaze behaviour can be difficult to discern
through a visualisation [23], as it is often “hard to distinguish
between deliberate communication and unwanted inputs” [33].
Gaze and Deception
As we use gaze cues to predict the intentions of others, gaze
can be used against us as a method of deception. Players in
many games mislead their opponents by simulating a fake
intention with their gaze, as in a footballer’s “no look pass”. In
LaserViz, the researchers simulated this mechanic using a two
player shell game variation using cards, with one player wear-
ing a head-mounted laser (that corresponds to the wearer’s
gaze) acting as the mixer [40]. The wearer initially experi-
enced a disadvantage as the opponent could correctly guess
their plans based on the gaze visualisation but in subsequent
rounds, the advantage was reversed as the wearer learned to
trick their opponent by consciously looking at the wrong card.

The effectiveness of misleading gaze behaviour is predicted
by Levine’s Truth-Default Theory [29], which holds that hu-
mans have a strong tendency to presume that another person
is communicating honestly, and that lies are usually only de-
tected after-the-fact based on contradictory evidence rather
than through observation of the liar’s demeanour. Levine ex-
plains this as an adaptive tendency for most situations, as lies
are much rarer than truths, but one that leaves humans vulner-
able to deceit. We believe this theory can be generalised to
scenarios in which the communication is solely nonverbal.

Studies have found that humans have a limited ability to differ-
entiate between true and deceptive gaze behaviours (e.g. [16])

despite developing this ability at young age. Freire et al. found
that children as young as four years old could detect small
“leaked” gaze cues, and use them to infer that a person’s private
thoughts were contradictory to their verbal statements [17].
Then again, people are also able to adopt honest-seeming gaze
behaviour when they lie to avoid suspicion. For example,
Mann et al. found that people maintained eye contact when
lying to foster trust, by taking advantage of the popular belief
that liars avoid eye contact [32]. This suggests that distinguish-
ing between true and deceptive gaze signals is a difficult task
that could provide a rich resource for challenging social play.

Gaze and Plan Recognition
The problem of plan recognition has long been investigated
by artificial intelligence researchers. Kautz and Allen define
plan recognition as “the task of inferring intentions (in terms
of plans) from the actions or utterances of observed actors”
[25]. Plan recognition is an important aspect in real-time strat-
egy games, as human players who discern the plans of their
opponents can gain a significant advantage. Further, players
with knowledge of their opponents plans will allow them to
employ some form of deceptive behaviour. Cohen et al. out-
line two types of plan recognition, keyhole and intended [9].
Keyhole recognition is the inference of an agent’s goals and
plans through unobtrusive observation, as if through a key-
hole. The agent has no intent to communicate its goals to
the observer. Intended recognition is the conveyance of an
intentionally constructed impression of an agent’s goals to the
observer; it is typically found in adversarial settings, such as
warfare, in which deceptive strategies are employed to thwart
the recognition of the agent’s true plans [8].

Strategic games have commonly been used as a context for
adversarial plan recognition research (e.g. StarCraft [24]).
Likewise, they have also been used in automated deception
detection studies (e.g. Mafia [12]), which is a challenging
problem that requires the combination multimodal inputs to
effectively detect [1]. Although a large body of literature ex-
ists in these research areas, our interest for the purposes of this
paper lies in plan recognition by human subjects. We seek to
test whether a player who follows a live gaze visualisation will
obtain the same benefits as gaze following, enabling them to
discern their opponent’s intentions and plans better.As previ-
ously mentioned, players in online games lack access to social
cues, limiting their ability to discern plans until sufficient ex-
plicit information is provided. Byom and Multu explain that
are three mechanisms of Theory of Mind: (1) knowledge of
shared contexts, (2) perception of social cues, and (3) interpre-
tation of actions, all of which are crucial when attempting to
discern future behaviours [6]. The use of an online strategic
game with incomplete information combined with the intro-
duction of gaze visualisation allows us to study this effect.
Furthermore, such games typically require players to construct
hypotheses plans (that we can measure), and at the same time
invite treachery, trickery and deception [37]. Additionally,
playing strategic games have been found to activate regions
of the brain associated with Theory of Mind [18]. Our work
lies at several crossroads, as we begin to explore the potential
of gaze as a playful nonverbal avenue for deception while
drawing on its roots in face-to-face human communication.
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AIMS
We aim to explore the uses of gaze visualisation in online
multiplayer games by understanding its potential usage for
intention-reading and deception. Gaze, being a key signal for
Theory of Mind, can assist a player to accurately imagine the
mind of their opponent and thus help them to plant false beliefs.
We formed the following hypotheses about this activity, based
on our review of the literature:

[H1] Players who have knowledge of their opponent’s gaze
are better at discerning their opponent’s overall plans.
[H2] Players who are aware that their gaze is being watched
will alter their gaze behaviour to deceive their opponent.
[H3] When a player knows their gaze is being watched and
attempts to mislead their opponent through deceptive gaze
behaviour, the opponent will not detect the deception.
[H4] Players will be less accurate at predicting the plans
of their opponent when the opponent knows their gaze is
being watched than when the opponent does not know their
gaze is being watched.

We aim to build upon our previous work [34] in three ways:
(1) By using players instead of spectators, where players
will make use of gaze visualisation of their opponent during
live gameplay, balancing the tasks of devising their own
strategic plans with making inferences about their opponent.
(2) By assessing the ability of players to interpret and re-
spond to opponents’ gaze cues over the course of a whole
game, with a particular interest in the ability to make long-
term predictions during the early game before in-game ac-
tions have been taken. Previously, we were only able to
obtain short-term predictions from the short clips used.
(3) By introducing a deception aspect where one player
is aware that their gaze is being visualised, to create an
opportunity for the player to deliberately manipulate their
gaze behaviour to potentially mislead their opponents.

STUDY
We selected the computer game Ticket to Ride following the
success of its use in our prior work [34]. In this game, players
compete to build train routes between adjacent cities across a
map of North America, and gain points for building a connec-
tion between specific pairs of cities that they are assigned on
“ticket” cards (goal cities e.g. Vancouver - Montreal), which
are unknown to the opponent. Players lose points if they fail
to complete ticket cards they hold, and can block each other’s
paths, as only one player can claim each train route. Therefore,
players must plan their train networks carefully to minimise
the risk that an opponent will block them by claiming impor-
tant routes first. More detailed information on the rules of
Ticket to Ride can be found on the game’s website1.

There are several factors that make Ticket to Ride a suitable
game for this study, in addition to keeping continuity with our
previous study [34]. As a turn-based game, it gives players
time to observe their opponent without having to focus on their
own actions concurrently. It contains hidden information in
the form of secret goals. As a map-based game, it encourages

1http://www.daysofwonder.com/tickettoride/en/usa/

Figure 1: Study Conditions. In C1, no gaze data is visible to either player.
In C2, PA can see PB’s gaze, and PB is unaware of this. In C3, PB can see
PA’s gaze; PA is aware of this, and that PB does not know PA is aware.

players to look at locations that correspond with their plans—
and provides opportunities to do so misleadingly. Finally, it
has a short gameplay time (around 30 minutes or less for two
players), and is sufficiently simple that players are able to
learn the rules and develop an understanding of the general
strategies within a few minutes. We structured our study to
ensure both players were familiar enough with the game to
make predictions about their opponent, and that Player A (PA)
would be familiar with the gaze visualisation format by the
third round (see Figure 1) to allow them to develop ideas about
how to use it against their CU-GA opponent.

Study Conditions
Each pair of players played three rounds of Ticket to Ride
against each other, with each player being subjected to a con-
dition (see Figure 1). Each condition consists of the players’
awareness of the study condition (CA: Condition Aware, CU:
Condition Unaware) and their awareness of their opponent’s
gaze (GA: Gaze Aware, GU: Gaze Unaware). Condition-
Aware players were given all details of the study condition
for that round, including what their opponent knew. Each
players’ awareness differed between rounds, as described be-
low. One player was aware of the condition in every round
(PA), while the other was naive after the first round (PB). The
second and third round correspond to keyhole and intended
plan recognition scenarios, respectively [9].

Condition 1 (Baseline)–No Gaze Visualisation of Players
The first round consisted of a standard online match with no
gaze visualisation and both players are aware of this, making
both players CA-GU (see Figure 1). This round served as a
baseline for recording the players’ behaviour under normal
gameplay conditions. It also allowed players to get experience
playing the game to minimise any learning effects, and to get
a sense of forming their own strategy while discerning their
opponent’s strategy, based only on explicit in-game actions.

Condition 2 (Gaze Viz.)–Gaze Visualisation of Unaware Player
In the second round, PA was shown the gaze of PB throughout
the game, and knew that PB was not aware their gaze could
be seen (see Figure 1). This allowed PA, as a CA-GA player,
to try to discern the intentions of an entirely naive opponent
(CU-GU) through their gaze natural gaze behaviour.

Condition 3 (Deception)–Gaze Visualisation of Aware Player
In the third round, PB received the gaze visualisation of PA.
But this time PA knew their gaze was being tracked (see Fig-
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ure 1). Not knowing this, PB (CU-GA) attempted to discern
the intentions of PA (CA-GU) through their gaze behaviour
without knowing that they could be intentionally misled.

Recruitment
We recruited 40 players (22 female) from the University of
Melbourne, and assigned them into 20 pairs. These included
undergraduate students, graduate students and non-faculty
staff, aged between 18 and 39 years (M=23.2). Players were
compensated with a $20 (AUD) gift card for their time. Before
the study, players were asked to learn the rules of the game
by watching a video tutorial, if necessary; 11 had played the
game previously. A majority self-identified as an “occasional
gamer” (23), while the rest self-identified as a “non-gamer”
(11) or “regular gamer” (6). Ten players had used eye tracking
previously, all as participants in a research setting.

Experimental Setup
The study was conducted in a university usability lab with
two players in each session under approval by the University’s
ethics committee. To simulate online gameplay, we placed
players in separate observation rooms and set up an online
game of Ticket to Ride between them. We provided snacks and
bottled water during the study in addition to the compensation
due to the duration of each session. Both computers were fitted
with a Tobii 4C eye tracker2, and the gaze data from the eye
tracker was streamed between the computers using a custom
networked system that overlaid real-time gaze visualisations
over any application (also used in our previous study [34]).
Players were also given a tablet computer that mirrored their
desktop computer screen and instructed to sketch notes about
their opponent’s strategy on the tablet using a stylus. We
placed a video camera in each room to record the players, and
the computer screens were also recorded for the duration of
each session. Lastly, we logged the raw gaze data of both
players for each game round for later analysis.

Procedure
Two researchers were present in each session to facilitate the
study and to observe the players. The researchers followed a
well-rehearsed script, so as not to reveal the study conditions
to the players. On commencement, both players were given
an initial briefing together that explained that their gaze would
be tracked throughout the study for the sole purposes of later
analysis. Players were then randomly allocated into one of the
two observation rooms, with one researcher in each. There,
players were given a written overview of the study, consent
form and basic demographic questionnaire to fill out. Fol-
lowing this, players were calibrated using default calibration
procedure of the eye tracking device, and instructed to play
the game’s interactive tutorial until both players were satisfied
that they understood the game for up to 10 minutes.

Players then played three rounds of Ticket to Ride against each
other through an online connection. To ensure timely com-
pletion, each player was given a 15 minute cumulative time
allowance for their total turns in each round; if either player
ran out of time, we manually calculated the scores for that
round. At the start of each round, we requested each player
to pick all three randomly assigned ‘ticket’ cards to complete
2http://tobiigaming.com/eye-tracker-4c/

(each representing a pair of ‘goal cities’, potentially having up
to six initial goal cities). Players were asked to ‘think aloud’
during the game about their strategy; their opponent’s strategy;
what they were thinking and what their opponent might be
thinking. The researchers prompted the player occasionally on
these topics, and took notes throughout the session on player
comments or behaviours related to the study objectives. Re-
searchers were permitted to respond to any questions regarding
the rules of the game at any time during the session. In the
conditions where the player could see gaze, we provided a
short tutorial on how we would like them to annotate on the
tablet—circling the cities they thought were their opponent’s
goals and highlighting the routes they thought their opponent
planned to take (see Figure 2). The gaze was visualised as
a dynamic real-time heatmap, as our previous study showed
that this was the best representation for discerning the goals
of a player based solely on a gaze visualisation [34]. The
dynamic heatmap visualisation was semi-transparent, and the
application allowed the player to click “through” it as normal.

At the end of each round, players completed a brief section of
the questionnaire (see Measures and Analysis section below
for questionnaire details) about the round they just played. At
the end of all three rounds, both players were invited to add
any final thoughts, and the CU-GA player was asked whether
they suspected any deception in the study. Finally, both players
were fully debriefed about the study conditions.

Measures and Analysis

Player Self-Assessment and Experience
We created two sets of questionnaires for players to complete
following each round of the game, with slightly different ques-
tions for each. In both sets, the first three questions following
all conditions asked the player to rate their ability to predict
their opponent’s short-term and long-term plans, and what
aspects of the game they had found helpful in predicting their
opponent’s plans. These repeated measures allowed an as-
sessment of the subjective effects of gaze visualisation and
deception on intention recognition ability. We expected that
players would make a higher number of predictions when gaze
was visualised and that these predictions would be more ac-
curate when the opponent was unaware their gaze was being
visualised. To test this effect, we ran a multiple regression
model on the questionnaire responses, with independent vari-
ables being gaze awareness (whether the opponent’s gaze was
visualised on their screen or not) and condition awareness
(whether the opponent was aware that their gaze was being
visualised or not).

For the second and third round, the questionnaire asked ad-
ditional questions to assess the impacts of gaze visualisation.
Both players were asked to rate their experience with the gaze
visualisation following the round in which they saw it. After
the third round, the CA-GU player was asked whether they
attempted to deceive their opponent and how. To test whether
the deception of the study had been maintained, the CU player
was asked after the second round in what ways the game had
been different to the first round; and after the third round, the
penultimate question asked whether they felt they had been
deceived about the study at any point.
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Prediction Performance
We are primarily interested in players’ actual success at dis-
cerning the plans of their opponents, as opposed to their self-
assessed abilities. To determine this, we first extracted the
ground truth (all routes each player claimed) for each individ-
ual game for each player (120 games total). We then analysed
the study recordings to list all instances in which a player made
an inference about their opponent’s plan, including both verbal
statements and tablet annotations. We then categorised these
into goal predictions (goal cities the opponent is ultimately
connecting to, i.e. their secret objectives) and subgoal predic-
tions (what cities or routes they intend to connect through to
reach their goal cities). We measured each of these predictions
against the opponent’s ground truth, defined as the secret ob-
jective cities they were assigned by the game, the routes they
ultimately claimed, and any routes they verbally declared they
were considering but did not end up claiming. We included the
latter because players could change their strategy in response
to events during the game, particularly after being blocked
by an opponent who had correctly guessed their plan. We ex-
cluded from the ground truth some incidental routes, primarily
any last-minute building decisions in the final turn that were
clearly not part of their planning before that point in the game.

We assessed players’ prediction performance using three met-
rics: (1) their accuracy in discerning goals, (2) the extent
to which they discerned their opponent’s plans, and (3) the
distance of each guess from the ground truth, in terms of
both goals and subgoals. We evaluated players’ goal and
plan prediction performance by employing the F1 − Score
(F1 = 2 × (precision × recall)/(precision + recall)) metric
from information retrieval literature [36]. We compared the
number of goal cities that were guessed correctly against the
total number of cities guessed (Precision), and against the
number of cities that were in the ground truth (Recall). We
then performed the same comparisons, replacing the number
of correctly-guessed goal cities with the number of goal cities
that had been guessed as subgoals. A F1−Score value was cal-
culated from both sets of comparisons. Lastly, we employed
the distance metric from graph theory [42]. As the playing
area of Ticket to Ride is laid out as a graph diagram, it is pos-
sible to determine an error distance by treating all cities as
nodes in a graph, and measuring how many nodes the guess
was away from the ground truth [31]. To simplify our analysis,
we take the shortest distance between the guess to any goal (or
subgoal) from the ground truth. Predictions that were adjacent
to a goal (or subgoal) thus have a distance of 1, and predictions
that correctly matched the ground truth have a distance of 0.

RESULTS
Each session lasted for at least two hours, and consisted of
three rounds of Ticket to Ride between two players, for a
total of 60 rounds or 120 rounds if each player is considered
separately. We then compared the extracted predictions made
for each player in all conditions against the ground truth for
that respective game. The use of the “think-aloud” protocol in
our study provided rich descriptions of players’ strategies and
considerations throughout each of the games. These reflections
gave us confidence in our analyses of the game data, as the
results are in accordance with what players said themselves.

Effect of Gaze Awareness and Deception
Effect on Player’s Self-Perceived Predictive Ability
We examine players’ self-perceived predictive ability, i.e. how
well they thought they discerned the plans of their opponent.
We built a multiple regression model to predict player’s self-
ratings on this measure. A significant regression equation was
found for both short-term (R2=0.23, F(3,116)=11.28, p<0.05)
and long-term (R2=0.20, F(3,116)=9.42, p<0.05) predictive
ability. We can define the model based on the latter as follows:

Response = 3.27+(1.8(Gaze))+(−1.32(Deception))

Both measures are significantly correlated across all conditions
for both players (Pearson(r)=0.78, p<0.05), meaning that if a
player rated their ability to predict specific plans highly, their
ability to predict overall goals was also rated highly. The
model also shows that there were no learning effects in predic-
tive ability, but there was an increase in players’ confidence in
their ability to form strategies and make predictions.

Effect on Player’s Outcomes and Experience
We first report on players’ self-assessments (questionnaire
responses), each measured on a 7-point Likert scale (1 being
lowest agreement, 7 being highest agreement). Subsequently,
we report on the way players spoke about the experience of
the game, and the level of success that they achieved.

Overall, players found it easier to make short-term predictions
(moves) (PA=5.6,PB=5.4) and long-term predictions (strategy)
(PA=5.1,PB=5.3) in conditions where gaze was visualised.
Both sets of players noted the gaze visualisation was useful
for formulating their own strategy (PA=4.9,PB=5.1), and that
it changed the way they played the game (PA=5.4,PB=5.2).
Both sets of players also believed that gaze visualisation had
an influence on the outcome of the game (PA=5.1,PB=4.7). In
Condition 3, the CA-GU players indicated that they changed
the way they played the game as they knew that their opponent
could see where they were looking (M=5.2,SD=1.6). Conse-
quently, the players were somewhat bothered by the knowl-
edge that their gaze was being observed (M=3.9,SD=1.7),
and all of them employed some form of deceptive strategy to
counteract this (see Gaze-Based Deception Strategies section).

In a comparison of the actual game outcomes in Conditions 2
and 3, we found that the CA players were no more successful
than the CU players. This was despite their information ad-
vantage, as demonstrated by their greater ability to discern the
opponent’s true intentions (see Table 1). To explain this, we re-
fer to the comments from the CA player for both conditions. In
Condition 2, CA-GA players commented that the gaze visuali-
sation was distracting and drew their attention away from their
own plans, both by providing additional information about
their opponent’s plans and by creating visual clutter on the
screen. We believe that this was likely exacerbated by the fact
that real-time gaze visualisations were an unfamiliar interface
element for all players. The CA-GA players also commented
that the visualisation influenced them towards a ‘blocking’
strategy, which was focused on interfering with their opponent
rather than pursuing their own goals. This strategy proved
relatively ineffective in many cases, as it caused the aggressor
to waste as many turns and resources as the player they were
trying to block. For example, P6A stopped their opponent
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Goal Prediction Plan Prediction Distance

Condition Player Won Avg. Predictions F1 −Score1 F1 −Score2 Precision (Recall) F1 −Score Total Mean

Cond. 1 (Baseline) PA (CA-GU) 13 5.8 0.06 0.13 0.49 (0.13) 0.19 25 0.22
PB (CA-GU) 7 4.5 0.11 0.19 0.51 (0.11) 0.17 29 0.32

Cond. 2 (Gaze Viz.) PA (CA-GA) 11 12.7 0.23 0.44 0.48 (0.34) 0.39 75 0.30
PB (CU-GU) 9 5.8 0.02 0.04 0.49 (0.13) 0.18 24 0.21

Cond. 3 (Deception) PA (CA-GU) 12 4.0 0.09 0.17 0.48 (0.09) 0.14 24 0.30
PB (CU-GA) 8 11.7 0.18 0.35 0.41 (0.28) 0.31 111 0.48

Table 1: Prediction Performance Results. The F1–Score2 is calculated based on all cities (goals and subgoals) guessed against the ground truth to find
out if players did discern the goal cities did not recognise them as goal cities while F1–Score1 is calculated based on only correctly guessed goal cities.

from completing 2 out of 3 ticket cards, but completed none
of their own objectives. The CA-GU players spoke about the
difficulty of maintaining their deceptive strategies while also
thinking about their plans, especially early in the game, noting
that it was the best time to be deceptive as their opponent had
no other cues. This difficulty in maintaining deception echoes
the findings of the LaserViz study [40]. Many of the CA-GA
players commented that they felt like they were ‘cheating’
in the second round with an ‘unfair advantage’, whereas the
final round felt more challenging, and generally more exciting.
Nevertheless, the CA-GU players found it interesting and en-
gaging to know that their gaze was being watched, and stated
that it gave the game added depth.

At the conclusion of each study session, the deceived player
was asked whether they suspected that they had been deceived
at any point. Only one player expressed some suspicion while
the rest did not express any at all. All players expressed the
opinion that both they and their opponent had improved their
performance each round, which they attributed to ordinary
factors such as the luck of the draw or taking greater care in
planning their strategies.

Effect on Prediction Performance
Table 1 displays a summary of prediction performance results
for all three conditions. A total of 889 predictions (guesses)
were made by both players across all conditions. The introduc-
tion of gaze increased the average number of raw predictions
made compared to when players could not see gaze. Further,
we noted that players were able to make their first predictions
significantly earlier when given the ability to visualise the
gaze of their opponent than in the other conditions without
gaze, on average within the first minute from the start of the
game. In the conditions without gaze visualisation, the first
prediction on the opponent’s plans was only made after the
opponent claimed a few routes, typically a few minutes into
the game. Predictions did become increasingly difficult if an
opponent was effective in hiding their intentions. On occasion,
the researchers would prompt the player on what they thought
their opponent’s plans might be, which would often result in a
negative response from the player (e.g. “I don’t know”, “I am
not certain”, etc.), or a brief response with no solid prediction
that the researcher could record.

A reason for low prediction counts, particularly in the condi-
tions where players were gaze unaware, is that players often
focused on their own plans initially and were less concerned
about their opponent’s plans until completing their own. This

was more likely in round 1 as new players got used to the
game. Players may have been particularly good at hiding their
plans, in line with the game design, making it hard to make
predictions. This led to the predicting players only making
predictions when they were confident, leading to a low number
of average predictions with high precision but low recall.

In the conditions where players were gaze aware, they explic-
itly mentioned that they used the gaze visualisation extensively
to make predictions, especially in the early stage of the game.
This was as expected, as few actions are played in the early
stage and the formation of their own plans was still in its in-
fancy. We highlight that players used a variety of in-game
actions as well to make predictions, such as observing which
colour cards the opponent picked from the deck and matching
that to the colour of routes on the board, or observing the
general direction in which the opponent was building. Experi-
enced players used the average distance between pairs of cities
to gauge whether their opponent had completed a ticket. Other
in-game cues contributed to their predictive ability, such as
observing which train cards were not selected and analysing
opponent’s building patterns. Players who frequently anno-
tated on the tablet found it effective for keeping track of their
opponent’s plans.

In the third condition, the CA-GU players made fewer predic-
tions about their opponent’s plans than in the previous rounds.
We believe this is for three reasons. Firstly, players focused
first on deceiving their opponent and second on attempting to
complete their own goals, leaving little attention for discerning
their opponent’s plans (“I wasn’t focused on predicting their
movements but rather on how to throw them off since I know
I’m being watched.” [P9A]). Secondly, the deceptive gaze
activity required these players to keep track of two sets of
plans (true and deceptive), making it hard to keep track of a
third. Thirdly, players felt less confident about their predictive
abilities after seeing the gaze visualisation and then having it
removed (“I was less able to assess my opponent’s strategy
than I thought I could. It allowed to see the real advantage
of having the eye tracking in the second round. With the eye
tracking, I would have been able to see if she was looking at
the east coast the entire time.” [P11A]).

Upon calculating the different metrics to determine the effect
of gaze and deception on prediction performance, we found
that the CA-GA players performed the best overall in Condi-
tion 2 amongst the other rounds, despite having the highest
number of predictions. There was some degree of error indi-
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Figure 2: Ticket to Ride Gaze Visualisation Prediction Example. The three figure above shows three stages (early, mid, late) of the same game from
left to right, and the real-time heatmap visualisation used in our study. The green tracks belong to the CA-GA player (who has annotations in yellow
highlight) while the red belongs to CU-GU player. In early stage, the CA-GA has already predicted part of their opponent’s plans, discerning that the
opponent is interested in a particular route(s) when no trains have been played yet by the opponent. In the mid stage, we can see how the predicted
strategy has been played out and now better discern a different part of their plan. In the late stage, we can see more of the predictions materialising.
The figure has been enhanced by reducing the contrast of the background to better show the real-time visualisation, paths claimed and the annotations.

cated by the total distance (75), but this appears to be in the
normal range when averaged, meaning that the predictions
made did indeed have a distance but was of low value. In con-
trast, performance scores for the CU-GA players in Condition
3 reveal that they still made more correct predictions based
on the goal and plan prediction scores compared to conditions
with no gaze. Further, the distance metric did reveal that only
36.6% of the CU-GA players predictions had a distance of
over 1 (CA-GA was 26%), showing that the players could still
judge their opponents’ plans with reasonable accuracy.

We expected the likelihood of players discerning the goals of
their opponents to be generally low, especially in conditions
without gaze, and this proved to be true (F1 −Score1). As a
further step, we wanted to see if players would guess their
opponents’ goals as part of a route (i.e. as subgoals) without
discerning them as end goals (i.e. without circling them or
stating that they were a ‘ticket’ destination). The results for
this analysis were higher (F1 −Score2), meaning that players
did indeed discern goal cities without recognising them as end
goals. A further comparison revealed that CU-GU players in
Condition 2 had a constant low prediction score, which we
believe is attributable to three factors. First, the CA-GA play-
ers kept their plans hidden better, by playing a more reserved
strategy. Second, the CA-GA players often employed a block-
ing strategy, causing the CU-GU players to make incorrect or
fewer predictions. Third, the CA-GA players completed less
of their own intended plans in this round, so there was less
on-board information for the CU-GA players to make infer-
ences from. As an additional point, we observed that players
commonly extended their routes beyond their goal cities to get
bonus points (Ticket to Ride gives bonus points to the player
with the longest overall route), which made it harder to discern
whether the ‘ticket’ goal was the end of a route or not. In
Condition 3, CA-GU players (e.g. P15A) commonly looked
beyond their goal cities as a form of gaze misdirection.

The CA-GA players in Condition 2 scored an average plan
prediction score of 0.39 (SE=0.031) when they could see their
opponent’s gaze, compared to 0.19 (SE=0.036) in Condition
1 when they could not. A Welch Two Sample t-test indicated
a significant difference between rounds (t=4.20, df=37.23,
p<0.05), along with a medium-sized effect r=0.57. We thus
reject the null hypothesis [H1]. The CU-GA players in Con-
dition 3 scored an average distance error of 0.48 (SE=0.050),

whereas the CA-GU players in Condition 2 scored an average
distance error of 0.3 (SE=0.033). A Welch Two Sample t-
test indicated a significant difference between rounds (t=3.01,
df=413.32, p<0.05), with a small-sized effect r=0.15. We thus
reject the null hypothesis [H4].

Summary
Our results showed that gaze added value when used to discern
plans in a strategic game, especially early in the game, con-
sequently revealing a large part of the tracked player’s plans
as the game progressed. Figure 2 illustrates how gaze was
displayed, followed by its early and partial prediction of an
opponent’s plan. Further, we found that deception did have
an effect on predictive performance, though the player’s true
intentions still leaked through their gaze. The CA-GU players
did need to look at their real plans on occasion and, over time,
gave them away as they claimed more routes. As a result,
CU-GA players guessed both true and deceptive plans. The re-
sults are also consistent with Hypothesis [H3], as the CU-GA
players did not state that they were being deceived (as pre-
dicted by the Truth-Default Theory [29]), when in fact all the
CA-GU players did attempt to deceive. Gaze visualisation had
overall positive effects on both player experience and player
performance, although it was also found to be ‘distracting’.
The findings also show that the deception condition did cause
the CA-GU players to change their gaze behaviour, as they
became more aware of where they were looking and sought
to deceive their opponent, validating Hypothesis [H2]. The
strategies employed are summarised in the section below.

GAZE-BASED DECEPTION STRATEGIES
All CA-GU players in the final round stated that they at-
tempted to deceive their opponent by manipulating their gaze
behaviour, and described one or more strategies they used to
do so. We categorised the strategies according to the general
theory of deception, which divides deception methods into
two main categories: dissimulation (covert, hiding what is
real) and simulation (overt, showing the false) [4, 5]. Within
these categories, we have created a more specific typology that
draws on both the general theory and deception concepts in
military strategy, such as camouflaging [13].

Dissimulation Deception Strategies
We observed several ways that players sought to conceal their
plans when they knew their gaze was being observed. The
most frequently employed and direct dissimulation strategies
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were Gaze Averting (6) and Information Reduction (6), fol-
lowed by Gaze Scattering (5). The least employed strategies,
Risk reduction (3) and Obstruction (4) were more oblique,
seeking to deny the opponent an accurate target to uncover.

Gaze Averting: Players sought to avoid looking at the routes
and cities that were of interest to them. In Bell and Whaley’s
typology, this was a kind of masking [5]. The practice was dif-
ficult to sustain; players frequently expressed frustration at the
conflict between their desire to see what they were doing and
their anticipation that doing so would give away their plans to
the opponent. From observing and listening to players, it was
apparent that this avoidance tactic took concentrated effort to
maintain, and as such, it tended to lapse for increasing lengths
of time as the game went on. In face-to-face communication,
gaze averting is often attributed as a tell-tale sign of someone
lying [14], but this was not detected in our study.

Gaze Scattering: Players went a step further than aversion,
by actively scattering their gaze around the screen to give the
impression that they were looking “everywhere”. This tactic
was intended to make it hard to distinguish moments of real
planning from moments of arbitrary looking—similar to Bell
and Whaley’s concept of dazzling [5]. Gaze scattering also
served as a kind of attack on the opponent’s concentration.
In Condition 2, all of the CA-GA players noted that the gaze
visualisation distracted them from planning their own strategy
under time pressure. In turn, players replicate this distraction
for their opponent in Condition 3 by scattering their gaze,
essentially “weaponising” the gaze visualisation.

Information Reduction: Players employed several tactics to
reduce the amount of information their actions could give away.
For example, players favoured drawing cards from the blind
deck over drawing face-up cards, so that the opponent could
not see what colours they were collecting. Other players took
their turns as quickly as possible, minimising their opponent’s
time-frame for making inferences about their gaze and actions,
causing the opponent to concentrate on their own plans instead.

Risk Reduction: Players adopted a more flexible strategy
when they were aware that their gaze was being observed,
to minimise the effect of being blocked by their opponent. For
example, players chose to build across areas that offered the
most alternative pathways, rather than going for a more direct
and efficient route. Players who adopted this strategy typically
tried not to claim any train routes for the first half of the game,
and focused instead on collecting cards; this both reduced
the information available to the opponent (gaze and in-game),
and allowed the player to re-plan their route if the opponent’s
actions got in the way of their initial plan. Risk reduction
strategies such as these ensured the player’s intentions could
not be pinned down, because they were left open to change.

Obstruction: Players sought to disrupt their opponent as a
form of counter-attack, taking the focus away from their plans
by playing aggressive moves such as taking cards and routes
that they thought their opponent might need. The intended
benefits of this were twofold. First, if done well, it forces the
opponent to use up their resources to work around the blocking
moves, which ideally left the opponent unable to complete

their objectives by the game’s end. Second, by forcing the
opponent to play reactively, it neutralises the opponent’s in-
formation advantage as the opponent would be less concerned
about the gaze-tracked player’s secret objectives. This was a
high-risk strategy, as the player attempting it had less informa-
tion available to them to know whether their aggressive moves
were, in fact, obstructing their opponent’s plans.

Simulation Deception Strategies
As well as hiding their true intentions, players sought to ac-
tively mislead their opponent through various kinds of Gaze
Misdirection (3), a specific example of which was Decoys (16).
Players also used Gaze Camouflage (4) strategies to create a
false impression about the meaning of their actions.

Gaze Misdirection: Players attempted to give their opponent
a false idea about what they were thinking by exhibiting be-
haviour that was consistent with an imagined alternative plan.
For example, the player might stare at a route they think the
opponent wants to build on, to scare them into thinking they
will be blocked; this was intended to induce a degree of panic
and to keep them from noticing the player’s real plans. At
times, players would take this further by alternating fixations
between the route and a face-up card of the matching colour,
to heighten the impression that the player was planning out
their own construction, rather than idly looking at the map.

Decoys: A common sub-case of gaze misdirection was the
use of decoy paths and is the most common deception strategy
employed. Players who employed this strategy chose a set
of cities far away from their real objectives, and repeatedly
traced a path between them to give the impression that they
were planning to build there. The decoy was usually chosen
at the beginning of the game, shortly after the player had
received their real objectives. Players typically watched out
for their opponent building on their decoy path, and took this
as confirmation that they had deceived the opponent. For the
disinformation to be effective, however, the enemy must know
how it is being accepted and interpreted by the target [22].

This strategy appears to be the most effective, particularly as
opponents showed a degree of confirmation bias in their obser-
vations. Typically, the opponent expressed an early suspicion
about one or two locations that the CA-GU player had looked
at, and subsequently, they would notice any time the player’s
gaze overlapped that point, while being less alert to other areas
that the player was looking at. This meant that opponents who
were deceived by an early decoy often remained distracted by
it, even after the CA-GU player has moved on from the decoy.
Below is a chronological example from Session 17 (P17B):

[03:09] “She’s really focusing on Pittsburgh.”
[05:57] “I’m still convinced she’s going to go Pittsburgh
somehow. She won’t stop looking at Pittsburgh.”
[08:39] “She wants to do a loop down underneath. I just
don’t know how she plans to get to Pittsburgh after that.”
[09:02] “Ok now she wants to get to Pittsburgh from here”
[after opponent claimed Helena to Denver route]
[11:49] “I still think she is trying to get to Pittsburgh.”
[12:46] “Maybe she didn’t need to go Pittsburgh at all.”
[after opponent started to take new ticket cards]
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Gaze misdirections and decoys became less effective as the
board filled up with claimed routes, as these were taken as
more reliable evidence of the players’ intentions than the gaze
tracking. To counter this, there are instances where CA-GU
players even spent resources to claim a route along their decoy
path, just to sell the idea that they were planning to build there.

Gaze Camouflage: Players used elements of the game board
as cover for their real point of attention. This corresponds to
repackaging in Bell and Whaley’s typology [5]. This strategy
involved the player fixating for an extended period on routes
that had already been claimed, to give the impression that they
were considering this existing network, when in fact they were
using their peripheral vision or brief side glances to plan a
new path on nearby unclaimed routes. At other times this was
done with elements outside the main game board, such as the
cards around the outside. In some cases, the player appeared
to be unaware that their face was turned towards the intended
“cover point” but their eyes were still directed at their real goal,
so the deception was unsuccessful.

DISCUSSION
Players demonstrated a deep understanding of how to utilise
gaze visualisation and their added knowledge about their op-
ponent’s plan. This went beyond simply discerning the oppo-
nent’s intended paths and blocking them. A common tactic
was to plan the timing of an action based on its proximity to
the opponent’s gaze: if the player saw the opponent looking
in the vicinity of a path they wanted, that path became the
player’s first objective; other paths were de-prioritised relative
to their distance from the opponent’s area of focus. If the
opponent’s gaze was far away from all of the player’s goals,
the player was more likely to build up resources and bide their
time before claiming any routes, allowing them to play in an
efficient manner that avoided signalling their own plans to
the opponent. When players were confident in their predic-
tions, they were able to plan for deception. For example, P9A
predicted a multi-step path that their opponent would take,
waited until the opponent had built along most of that path
(confirming the prediction), and then claimed the final section
at the last moment, forcing the opponent to take a long detour
after they had invested many resources into the original route.
Gaze unaware players were much less likely to engage in such
aggressive tactics, as they were less confident that their actions
would be in the to stop or disrupt their opponent.

The benefits of the gaze visualisation were offset by a cost
in players’ time and attention. Players reported that the vi-
sualisation was distracting, and made it hard to concentrate
on planning their own strategy: "If my task is only to predict
my opponent’s moves, that would be substantially an easier
task, especially with the eye tracking. But when you try to
make predictions and play the game with a time constraint, the
cognitive load starts to build up." [P2A]. Accordingly, we ob-
served that players who could see the gaze visualisation spoke
less about their own strategy and more about their opponent.
Players who could not see the visualisation were more likely
to talk about the opponent’s strategy in terms of potential risks
and contingencies for their own strategy. Further, players spec-
ulated that the visualisation might be a net disadvantage in

terms of winning the game due to its distracting nature, al-
though most took a guess and mentioned that it would become
more advantageous once players became accustomed to it.

The level of distraction may be partly attributable to the visual-
isation style. A few players commented that they would prefer
a simple moving dot to the dynamic heatmap used in the study.
The choice of the dynamic heatmap was informed by our prior
study [34], in which it was the most accurately interpreted and
second-most preferred visualisation style among nine formats
compared. However, participants in that study were observers
of a game rather than active players. It is possible that a less
information-rich visualisation would be more manageable for
players, who need to focus on developing their own plans as
well as discerning those of an opponent. Moreover, the prior
study showed substantial variations in preferences between
participants. All in all, this suggests that it would be beneficial
to give players some control over the gaze visualisation style,
such as the ability to change its appearance or switch it on and
off to manage the flow of information.

Non-live gaze visualisations could also help to avoid the dis-
traction effects observed in this study. Mechanisms can be
implemented to give each player a summary of where their
opponent in an online match has looked, and for how long.
For example, in GeoGazemarks, fixations were recorded and
clustered to give a history of a user’s points of interest to sup-
port free map exploration [19]. This is similar in function to
the dynamic heatmap visualisation used in this study, although
our heatmap provided a persistent summary only of gaze be-
haviour over the past few seconds; this persistent-summarising
quality was one of the characteristics for which it was favoured
in our prior study [34]. However, a non-live gaze visualisation
would lose some of the affordances that provided for interest-
ing gameplay opportunities found in our study, such as the use
of gaze scattering strategy to distract an opponent.

While our study supports the general consensus of prior lit-
erature that gaze visualisations can be disruptive as well as
informative, it also points to an opportunity for game design-
ers to utilise this as a double-sided resource for players. We
provide three examples of how this resource might be used
as a “power up” in online multiplayer games. First, we can
provide live information about where an opponent is looking,
at the cost of distracting visual noise and the risk of being
misled by false signals. This can also take the form of non-live
gaze visualisations, giving the player a summary of the oppo-
nent’s gaze but leaving open the possibility that the opponent
had manipulated their gaze to be deceptive. Second, we can
limit where gaze visualisations appear; either activated by the
player, activated arbitrarily (such as on a timer), or activated by
other gameplay systems (for example, only appearing in areas
that the player has previously explored, similar to fog of war
in concept). Allowing the player to see gaze visualisations in
only part of the game could leave them with a strategic choice
of whether to seek further gaze information, at the potential
cost of distraction, or allow themselves to be oblivious to their
opponent’s gaze. Third, we can use awareness of gaze sharing
as a game resource, so that under certain conditions a player
is notified when their opponent can see their gaze, allowing
them to undertake deception strategies.
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Generalising the implications of this study to other types of
games should be done with caution, however. Ticket to Ride
was chosen as an appropriate game for gaze sharing as it is
turn-based and both players see a largely identical screen, so
they can watch each other taking turns. These qualities are
common to many digital board games, but are not present
in many popular genres of online games. For example, in
a real-time strategy game such as Starcraft, players scroll
across a game map that is larger than the boundaries of their
screen. A gaze visualisation for this kind of game would
have to be anchored to the in-game location that a player is
observing, rather than just the coordinates on the screen. This
would reduce the amount of time each player spent observing
their opponents’ gaze, as it would allow them to monitor gaze
activity only in areas they are concerned with, or only in areas
they have previously explored (as in fog of war). A player
may deduce, for example, that their opponent is not launching
an attack as long as their gaze activity is isolated to the area of
their own base. However, in a real-time game such as this, we
assume the level of distraction caused by gaze visualisation
would be even more acute than in a turn-based game as players
do not have time to sit and think.

Players were successful in devising deception strategies that
reduced their opponent’s prediction accuracy about their plans,
but also found degrees of difficulty in maintaining them (in
line with [40]). All of the strategies we observed were con-
ceived independently by the players, without suggestions from
the researchers, and the stated inspiration behind many of the
strategies was the player’s own experience of observing the
gaze visualisation. Players were largely successful in convert-
ing their own experience into an accurate enough model of
their opponent’s thinking that they could implant a false belief
about their strategy, or disrupt the prediction process in other
ways. This demonstrates the application of Theory of Mind, as
the ability to deceive is considered one of its hallmarks [28].

The effects of gaze visualisation were most pronounced in the
early stage of the game. This was true both for the ability to
make predictions and for the ability to deceive the opponent.
At this stage, gaze data is a relatively clear signal, as there is lit-
tle other information available in the form of routes claimed on
the board. As the game progresses, deception through altered
gaze behaviour becomes more difficult, as the accumulation
of claimed routes on the board provides stronger evidence of
intention than gaze behaviour. Claimed routes act as a costly
signal due to the investment of resources involved, and so
where there is a mismatch between routes and gaze (lack of
correspondence, in Levine’s terms [29]), the gaze information
is ignored in favour of the route information.

This study extends prior work (e.g [34, 40]) by demonstrating
that human subjects can make long-term predictions and em-
ploy deception given the ability to visualise gaze for longer
durations. However, players commented that they lacked the
attention and memory capacity to fully utilise the information
that was theoretically available to them through the gaze visu-
alisation. From our human observations, we found that players
in our study ignored large areas of the board (e.g. whole left
side) when they could see that their opponent was not looking
at it. Based on their comments, it is apparent that this ability

to triage the board on a wide scale was a substantial part of the
competitive benefit players derived from gaze visualisation,
comparable at least to the more fine-grained prediction of spe-
cific routes. We believe that future gaze-aware systems can do
the same, by ignoring elements that are irrelevant to minimise
computational cost. Our study also showed gaze enabled play-
ers to make earlier and more accurate predictions, which have
positive implications for automated plan recognition systems
[38]. Researchers have demonstrated that systems that can
predict intentions based on gaze patterns [21], but beyond the
question of how well computer systems can predict human
intentions through gaze, there is the question of whether these
systems could detect deception in human gaze behaviour, and
distinguish “true” intentions from false.

Limitations
Whereas our previous studies have looked at gaze interpreta-
tion by passive observers (spectators) [34], this study involved
gaze interpretation by active players. This allowed players to
forestall their opponents’ plans, potentially changing the out-
come. As a result, a degree of human judgement was necessary
to determine whether predictions were accurate at the time
they were made, as players sometimes had to deviate from
their original plans due to events in the game. Players used a
combination of the gaze visualisation and in-game actions for
their predictions, and we did not discriminate between guesses
that were largely informed by one or the other.

During the study, players were prompted for their predictions
only when they had been silent for a period of time, rather
than at regular intervals; this helped to preserve the natural-
istic flow of gameplay, but meant that prediction intervals
varied between players and rounds. Asking for predictions at
fixed intervals would standardise the results and allow a more
standardised comparison between conditions and players, at
the cost of a somewhat more artificial gameplay experience.
Conversely, our results are subject to the experimental design—
prompting players to make inferences about their opponents’
strategy is likely to have influenced how they reasoned about
the game, to at least a small extent.

CONCLUSION
In a lab study of an online strategy game enhanced with one-
way shared gaze visualisation, we found that players were able
use gaze visualisation to improve their ability to predict an
opponent’s intentions. Players were also able to alter their own
gaze behaviour deliberately to hide their true intentions and
convey false impressions, to a degree. We defined a typology
of gaze-based deception strategies, which reflects the general
theory of deception [5]. However, this deceptive behaviour
required sustained effort, and players could not prevent some
of their intentions from ‘leaking’ to the opponent through
their gaze. Players found this gaze-based deception task to
be challenging and engaging, and we have identified several
avenues that may be fruitful for game design to explore.
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Abstract. As it becomes more common for humans to work alongside
artificial agents on everyday tasks, it is increasingly important to design
artificial agents that can understand and interact with their human coun-
terparts naturally. We posit that an effective way to do this is to harness
nonverbal cues used in human-human interaction. We, therefore, leverage
knowledge from existing work on gaze-based intention recognition, where
the awareness of gaze can provide insights into the future actions of an
observed human subject. In this paper, we design and evaluate the use
of a proactive intention-aware gaze-enabled artificial agent that assists
a human player engaged in an online strategy game. The agent assists
by recognising and communicating the intentions of a human opponent
in real-time, potentially improving situation awareness. Our first study
identifies the language requirements for the artificial agent to communi-
cate the opponent’s intentions to the assisted player, using an inverted
Wizard of Oz method approach. Our second study compares the experi-
ence of playing an online strategy game with and without the assistance
of the agent. Specifically, we conducted a within-subjects study with 30
participants to compare their experience of playing with (1) detailed AI
predictions, (2) abstract AI predictions, and (3) no AI predictions but
with a live visualisation of their opponent’s gaze. Our results show that
the agent can facilitate awareness of another user’s intentions without
adding visual distraction to the interface; however, the cognitive work-
load was similar across all three conditions, suggesting that the man-
ner in which the agent communicates its predictions requires further
exploration. Overall, our work contributes to the understanding of how
to support human-agent teams in a dynamic collaboration scenario. We
provide a positive account of humans interacting with an intention-aware
artificial agent afforded by gaze input, which presents immediate oppor-
tunities for improving interactions between the counterparts.
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1 Introduction

Gaze is an important nonverbal communication signal in everyday human-human
interaction [4], and has become a popular research topic for technology-mediated
interaction [17,43,60]. The ability to tell what someone is looking at—‘gaze
awareness’—is a useful way to gauge the attention of others [1,2,14,63]. Gaze
observed over time is an effective predictor of human intention [26,27,50,56]. A
common approach for gaze awareness is to visually overlay a user’s gaze over a
shared interface, which provides others rich insights into the mind of the tracked
user. This complementary layer of communication has numerous benefits such
as improved coordination [2,12,14] and situation awareness [50]. Despite these
benefits, overlaying gaze on the interface can add a highly distracting element to
the task at hand [50], confuse users when there is a mismatch with other modes
of communication such as speech [14], and scales poorly with multiple users.

In this paper, we explore how an artificial agent that interprets eye move-
ments can alleviate issues commonly associated with visual gaze awareness,
and how humans respond to agent-derived intentions from gaze and observ-
able actions. A socially interactive agent that can understand human gaze can
potentially improve the interaction with its human counterparts [27,56], such as
by adapting its behaviour to their anticipated intentions, or even support the
user by communicating the intentions of others. However, much investigation
is still needed from an interaction design perspective before humans can work
alongside such agents effectively, with each counterpart playing to its strengths.

Our work presents a step towards artificial agents that can interpret and com-
municate human intentions based on nonverbal behavioural signals. We designed
and evaluated the communication protocols of a proactive gaze-enabled artifi-
cial agent for communicating intentions to a human player in the context of an
online strategy game. The agent assists by making inferences about the oppo-
nent’s intentions based on their gaze and actions, allowing the user to focus
on formulating better strategies with improved awareness of the situation. By
abstracting the gaze data into a written prediction of what the opponent intends
to do, we avoid the distracting nature of gaze visualisation as found in past
research [14,50,51,63]. As nonverbal cues are challenging to articulate, our first
step was to build a linguistic model of intention recognition derived from human
observers. This process resulted in a general model of intention communication,
which we incorporated into the artificial agent.

Our following step evaluates the model while comparing the existing app-
roach of using gaze visualisation to infer intentions in strategic gameplay to
our proposed approach of abstracting the intentions from gaze input into writ-
ten predictions through an artificial agent. We designed a within-subjects user
study with three conditions, in which we provide varying levels of information to
an assisted player. In the first condition, we provide players with a live visualisa-
tion of their opponent’s gaze, allowing them to interpret the information as they
see fit. In the second condition, the agent sends the player inferences about the
opponent’s plans, followed by an explanation of the observed behaviours that it
used to form the prediction in an attempt to be transparent about its reasoning
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process. In the third condition, the agent sends the is predictions about their
opponent’s plans without an explanation of its reasoning process, to allow the
player to have their own beliefs about the agent’s logic, and without any direct
knowledge of the data that led to that inference.

We conducted the within-subjects study with 30 player pairs, in which the
evaluated players reported a positive experience when engaging with the agent
in terms of preference and usefulness for situation awareness, and a perceived
reduction in cognitive workload and distraction. Though our results show that
the agent can facilitate awareness of another user’s intentions without adding
visual distraction to the interface, there was no significant difference in the play-
ers’ cognitive workload for the written prediction conditions, as compared to
the live gaze visualisation condition. These findings suggest that the manner in
which the agent communicates requires further exploration.

All in all, our work presents two primary contributions to the design of arti-
ficial agents that collaborate with humans, from both sides of the interaction.
From the agent end, we show that it is possible to develop agents that can
not only predict intentions through gaze but communicate and reason about
them as well. On the other end, we show that the human counterpart can be
supported by a proactive agent that communicates intentions through verbal
means (e.g. written language), which maintains situation awareness while reduc-
ing visual distraction when compared to using a live gaze visualisation approach.

2 Related Work

2.1 Shared Gaze Awareness

Gaze visualisation is by far the most common approach for utilising gaze input in
technology-mediated human-human interaction. This approach provides a com-
plementary layer of nonverbal communication, especially beneficial in remote
settings where users cannot see where other the users they are interacting with
are looking. Observers can derive rich information from gaze behaviours dis-
played over an interface (e.g. scanning, focus on an object, and repeated com-
parisons of different objects [57]). These gaze behaviours provide clues about
the other person’s cognitive processes, i.e. the ability to discern their intentions
[51]. The benefits are well demonstrated in multi-user scenarios, improving com-
munication and coordination in collaborative settings (e.g. [2,12,24,63]). Gaze
visualisation has also been explored in competitive gameplay [46,59], highlight-
ing its potential for increasing social presence between remote players [36,45],
and for enabling players to recognise the intentions of others in real-time [50,51].

Despite its numerous benefits, researchers have commonly found that using
live gaze visualisation can be ‘distracting’ and ‘confusing’ for an observer to
interpret [14,51,63]. We believe this is because humans are not accustomed to
interpreting visual representations of gaze, as the focal point of gaze is ‘invisible’
in normal everyday interpersonal interaction [50], and that an added layer of
continuous information draws the user’s attention away from the task at hand
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when displayed. As gaze visualisation is highly dependent on context and indi-
vidual preference [15,50], software for visualising gaze in real-time often allows
users to control its parameters such as by adjusting the colour, opacity and
smoothness [7,13]. The recent release of Tobii Ghost1—a free commercial soft-
ware designed to allow eSports audiences to view customised gaze visualisations
of players in real-time—further exemplifies the growing popularity of this feature
in gaze visualisation applications.

2.2 Gaze-Based Intention Recognition

Though human attention can be easily inferred by the direction of a person’s
gaze, discerning their intention through their gaze is a far more complicated
process. The observer must distinguish between intentional and unintentional
behaviours, and gaze direction alone provides very few clues to do so. In our
previous study, we demonstrated that using an aggregated visualisation of gaze
can enable human-human intention recognition in competitive gameplay, with
benefits such as early inference of intentions [50]. Despite such benefits, the study
found that players who could see the gaze of their opponent had no gain in
performance, due to its cost in time and attention—by attempting to infer their
opponents’ strategies, they ended up neglecting their own. Players who did man-
age to reach a balance stated that the broad clues provided by gaze awareness
were beneficial to formulating and adjusting their strategy. For instance, they
could ignore certain areas of the game-board if they noticed that their opponent
had not looked there. Overall, these findings suggest that effectively managing
the cognitive demands of inferring the opponent’s strategy and devising one’s
own is the key to successfully making use of the opponent’s gaze information.

However, it is unlikely that humans can fully operationalise gaze while per-
forming complex tasks without assistance, due to the limits of human working
memory. As visual behaviour is intrinsically linked to how humans plan and
execute actions [34], researchers have explored the use of computational tech-
niques to perform intention recognition from gaze, typically employing a machine
learning approach (e.g. [5,26]). In a previous paper, we proposed an alternative
approach that incorporates visual behaviour into model-based intention recog-
nition using automated planning [56]. We leveraged the fact that humans plan
ahead in strategic scenarios and that the incorporation of gaze as priors in a
planning-based model resulted in the computation of predictions with high accu-
racy, earlier and with no additional computational cost when compared with a
base planning model that did not use gaze input. Overall, such works, exemplify
the use of computational techniques to harness the rich information available
from the observation of gaze behaviour.

1 https://tobiigaming.com/software/ghost/.
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2.3 Human-Agent Teaming

In 1960, Licklider proposed the vision of man-computer symbiosis, where com-
puters would be able to work with humans to solve problems that are not easily
addressed if attempted by either counterpart individually [38]. For instance,
while computers can perform complex calculations and repetitive tasks far bet-
ter than humans, humans are better at visual-spatial reasoning and at exercising
judgement. However, enabling this symbiosis through mixed teams comes with
significant challenges with regards to effectiveness [33]. One such challenge is a
lack of agent transparency, which hinders the human partner’s ability to under-
stand the decisions of the artificial agent [30,48]. The lack of transparency can
lead to adverse effects for the human partner, such as a reduction in trust when
working together, and therefore, a potential for disuse [6,10,35,62].

Researchers in AI argue that providing explanations supports transparency
and may improve trust in the system [23,41,47,52,62]. Moreover, when using
an agent as a decision aid, users would often seek an explanation of its output
to improve their own decision making [61]. However, for an explanation to be
effective, it must be at the right level of detail [31]. An explanation of how
something works will fail if it presupposes too much and skips over essential
information, or if it provides a level of detail that leads to an increase in cognitive
workload, hence decreasing its effectiveness [52]. Further, we need to consider
the application domain, the audience of the explanation [21], as well as the
presentation format (how to explain) and the content (what to explain) [19,31].

From a different perspective, dissimilarities between human language and
computer language pose another consideration for real-time cooperation, which
Licklider states “may be the most serious obstacle for true symbiosis” [38]. Lick-
lider explains that humans think more naturally and easily in terms of goals than
specific itineraries, implying the existence of human goals during communication.
Computers, however, communicate better in terms of procedural instruction,
which may be redundant or not meaningful to a human collaborator.

In summary, there are numerous benefits for implementing gaze input for
computer-mediated interaction afforded by advances and availability of eye-
tracking technology. However, information overload, interpretation difficulty and
scalability using the conventional approach of gaze visualisation hinder its full
potential for multi-user settings. Recent work in AI has shown that intelligent
agents have the potential to perform intention recognition from gaze input, which
is often a complex task in human-human interaction, especially when the user is
already preoccupied. Our work intersects these areas by using an intelligent col-
laborative agent to support a human counterpart by recognising the intentions of
others based on their gaze for them. To do this effectively, we must first consider
how an ideal agent would communicate intentions once recognised, addressing
Licklider’s language mismatch prerequisite. Second, we must consider an agent’s
explanation capabilities to support transparency, where the agent can provide
insights into its reasoning process to gain the trust of the user. Lastly, we need
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to consider the optimum level of support as different levels of artificial agent
support can result in changes in cognitive workload, positively or negatively [9].

3 Research Design

From our review of the literature, an ideal intention-aware agent for human-agent
interaction in the context of teaming should possess the following capabilities:

1. Infer a users’ intentions accurately based on gaze observation and other
available sources of information (e.g. observable explicit actions) in a timely
manner.

2. Communicate inferred users’ intentions to an assisted user in a way that the
user finds easy to understand, such as through natural language.

3. Increase the users’ situation awareness while reducing the users’ cognitive
workload (in comparison with current approaches, e.g. gaze visualisation).

We conducted two studies to evaluate the prospects of an agent possessing
these capabilities. Our first study identified the language that humans use to
describe the intentions of third parties over short text-based messages. The find-
ings from the study provided the language requirements for our artificial agent.
In the subsequent study, we evaluated our enhanced artificial agent with par-
ticipants using an online strategy game. We obtained ethics approval from our
University’s ethics committee, as both studies involved mild deception of the par-
ticipants. Both studies required a scenario in which participants were required
to deduce another person’s intentions through a computer system. For our pur-
poses, we used the digital version of an online competitive turn-based strategy
board game called Ticket to Ride. In this game, players compete to build con-
nections between cities based on drawn ‘ticket’ cards (e.g. Dallas to New York).
The core of the game is to keep their intentions hidden as an opposing player can
gain a significant advantage by correctly guessing their hidden plans. Therefore,
players must plan their routes carefully to minimise the risk that an opponent
will guess their intentions and block them by claiming the routes that they need
first. More detailed information on the rules of Ticket to Ride can be found on
the game’s website2.

4 Study 1: Language Identification

In this study, we developed an effective language model for a gaze-aware artificial
agent to communicate an opponent’s intentions to a user through text, and
conducted a study to generate specific language data for our broader scenario. We
used a variation of the Wizard of Oz prototyping method in which participants
played the role of the ‘artificial agent’ to produce language according to what
they think is appropriate to the task, instead of the language being determined
by the researchers or system designers.

2 http://www.daysofwonder.com/tickettoride/en/usa/.
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The goal of our artificial agent is to promote the user’s situation awareness,
defined by Endsley [20] as: “perception of elements in the environment within a
volume of time and space, the comprehension of their meaning, and the projection
of their status in the future”. Gaze awareness has been shown to be especially
beneficial for situation awareness, particularly when a player is in a strategic
game can make correct inferences about their opponent’s strategy early in the
game [50]. However, prior literature on agent transparency in general tasks indi-
cates two important aspects of agent communication: presentation format and
content [19,31]. We used the Situation Awareness-Based Transparency Model (or
SAT Model) [11] as a model of agent transparency to support a user’s situation
awareness. In this model, the agent communicates different types of information
at three levels to support the user. At the lowest level, the agent communicates
its own state, which includes the agent’s intentions. At the middle level, the
agent communicates information regarding its reasoning process, and at the top
level, the agent communicates information regarding potential future states.

For this study, we recruited 20 participants (11M/9F) from The University
of Melbourne, aged between 20 and 32 years (M = 25, SD = 3.7), to take on the
role of a ‘predictor-explainer’. We selected participants based on their self-rated
English proficiency in our recruitment questionnaire, as we required participants
to produce a rich vocabulary around gaze behaviours, observable actions and
the communication of intentions. We provided participants with the rules of the
game at the time of recruitment, and we compensated them with a $15 (AUD)
gift card upon completion of the study.

4.1 Experimental Setup and Procedure

Upon arrival, we sat the participant in front of a computer and obtained the
participant’s written consent to participate in the study. The participant and
experimenter sat at opposite ends of the table so that the experimenter’s dis-
play was not visible to the participant. Figure 1-Right shows the technical setup
consisting of a laptop connected to two 23-inch monitors on a rectangular table,
located in a study room. The experimenter then introduced the task by explain-
ing that there were two other players in separate rooms preparing to play Ticket
to Ride against each other. The experimenter told the participant that they
had been randomly selected to take on the role of a ‘predictor-explainer’ (or
appraiser), who would watch the game between the two other players via the
computer and send assistive messages to one of them, their ‘teammate’.

In reality, there was only one participant in each session (i.e. themselves). The
game of Ticket to Ride shown to the participant was pre-recorded, and we used
each recording only once. To clarify, we showed 20 different games played by 20
different player pairs from our previous study data set [50]. The recorded player
was naive to the fact their gaze was being observed, meaning that the participant
observes natural gaze behaviours. We did this for two reasons, (1) in order to
elicit a wide range of textual representations from different game scenarios and
(2) there was no need for anyone to receive the participant’s messages, as the
lexical content of those messages was the focus of the study.
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Fig. 1. Left: Participant view. Right: Experimental setup.

The recording of the game included a ‘live’ dynamic heatmap visualisation
of the gaze of the ‘opponent’ player (as shown in Fig. 1-Left). We designed and
employed a protocol to continually reinforce the participants’ belief that they
were engaged in a live online game with two other players throughout the study.
For example, as each session was designed to last a maximum of an hour, we
informed the participant in advance that the game would begin at a fixed time,
partway through the session, as all “three” participants needed time to be intro-
duced to the study and familiarise themselves with Ticket to Ride through the
game’s tutorial. The researcher was only allowed to clarify the rules about the
game when prompted during the study to avoid any influence on the data.

We describe this approach as an ‘inverted’ Wizard of Oz protocol. In a typ-
ical Wizard of Oz study, a researcher secretly plays the role of the computer
system while a participant interacts with it [32,54]. In our study, the participant
is asked to play the role of the computer system, and the secret is that there is no
end-user. The benefit of this is that it allows us to directly collect a large num-
ber of different messages that reflect how the participants think the computer
‘should’ communicate in an assistive fashion. A similar approach has been used in
the context of machine learning to ‘bootstrap’ a Reinforcement-Learning-based
dialogue system on human-generated activity [55].

Before it was ‘time to join the game’, the experimenter showed the partic-
ipant four short clips (introduced as pre-recordings rather than a live game),
representing four scenarios with the live dynamic gaze visualisation. This was to
start the participant thinking about how they could form predictions from the
information available, particularly the gaze visualisation, and then from expla-
nations in text about their reasoning process. This step allowed them to develop
confidence in their ability to observe and communicate simultaneously during
the live game. We reminded participants to provide messages that their ‘team-
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mate’ would find helpful, and to build the teammate’s trust by being transparent
in how they derived their predictions through their explanations.

Next, we demonstrated a simple chat application that served as the means of
communication with their teammate (see Fig. 1-Left). The application contained
two text fields to input their prediction and explanation respectively, a send but-
ton and a window showing the conversation. The application logged all messages
sent and included a validation to ensure both text fields are not empty. We aug-
mented the application to select a response from a range of automated natural
language responses in reply to every message sent by the participant to keep up
the deception. The responses mimicked a ‘busy player’: one that replied with
a short delay, sometimes did not reply at all, and often with a brief response.
The majority of responses consisted of acknowledgements, while the remaining
introduced expressions of uncertainty about the participant’s messages to convey
human-like qualities (e.g. “I don’t think so”, “Hmmm ok”).

At the prescribed start time, the experimenter streamed the recorded game as
if it was a live game feed and informed the participant that the game had started.
We posed no restrictions on the syntax or semantics participants could use for
their messages, which allows them to freely formulate them as they saw fit, as
long as each contained a prediction of their opponent’s intentions followed by an
explanation for their prediction. At the end of the study, the researchers con-
ducted a short interview with the participant to find their experience embodying
the role. Lastly, we debriefed participants about the deception and provided par-
ticipants with the opportunity to inquire about our objectives.

4.2 Findings

We elicited a total of 249 raw messages (mean = 12.4 messages per participant),
with a high deviation between participants (min = 4, max = 23). The ability to
successfully formulate messages depended on several factors, including individ-
ual ability, experience with the game, the communication strategy adopted, and
the recorded game shown. We discarded messages where participants attempted
to communicate with their teammate casually or provided recommendations
instead. However, we included recommendations that resemble a prediction that
included a clear explanation (e.g. “You should block Helena to Duluth, our oppo-
nent is likely to claim this the route next as he has repeatedly been looking at
it.”). We also split messages that contain two mutually exclusive predictions
(e.g. “The opponent is interested in the west coast. Opponent may build routes
around New York.”), which typically occurs when participants formed another
prediction while forming an initial unrelated prediction but have the same rea-
soning process for both. Finally, we obtained a total of 246 messages after our
filtering process for analysis.

Prediction Format. For the prediction part of each message, we stripped
them into its essential and meaningful components to obtain a minimal format
for predictions (e.g. From [City] to [City] through [City]), which gave us a total
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of 45 initial formats. We merged formats that were similar in nature into key
prediction formats (examples shown in Fig. 2), each demonstrating unique char-
acteristics in terms of abstraction. We also noted that participants conveyed their
level of confidence when providing their predictions, using words that express
uncertainty (e.g. i think/maybe/will try). As studies on explanations argue for
showing system uncertainty [3,39], we will introduce uncertainty when commu-
nicating predictions, including stating alternate routes when the likelihood of
the plan is similar (e.g. To [City] or [City] through [City] from [City] or [City]).

Explanation Content. Participants provided a wide range of explanations
for their predictions. We found that complex explanations contain spatial, tem-
poral and quantitative properties, in line with findings using expert explainers
[16]. Simplistic explanations, on the other hand, typically described observed
behaviours and often only with one property (e.g. “The opponent was looking at
those routes.”). In order to build a general model, we turn to Malle and Knobe
[44]’s explanation model for labelling the properties for more complex explana-
tions elicited with the assumption that the model can be generalised to explain
human nonverbal or combined inputs. Following the model, explanations can
include information about past and potential future actions, i.e. Causal History
of Reasons, defined as OA, and Intentional Action, defined as IA. As our logs
showed that participants had a strong reliance on gaze to explain the predictions,
we include gaze (Og) as part of every explanation generated using our piece-wise
function below. We believe that gaze being ‘always on’ [28], becomes a valuable
source of information for participants throughout the game, especially when the
opponent has performed only a few observable actions.

Explanation =

⎧
⎪⎨
⎪⎩

Og, OA if ontic actions observed

Og, IA if intentional action likely

Og, IA, OA otherwise

(1)

Therefore, combination of all three sources of information forms an explana-
tion that is detailed, for example:

“The opponent is building a route from Washington to New Orleans
through Nashville in the South East [Prediction ( i)]. The opponent has
claimed part of this route [OA], has been looking at the routes between
Raleigh and Little Rock repeatedly [Og] and is likely to claim Nashville to
Raleigh next [IA].”

Reasoning and Communication Strategies. Participants adopted two gen-
eral strategies for reasoning about and communicating the intentions of their oppo-
nent, which they maintained either strategy throughout, or interchanged between
the two depending on the situation. We found that the strategies were reflective of
the two systems of Kahneman’s Dual Process Theory [29]—System 1 (heuristic,
intuitive) and System 2 (systematic, analytical). The first strategy was to send as
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many messages as possible, in fear of missing out on communicating predictions
that may be important to their perceived teammate. Due to this time pressure,
we believe participants adopted System 1, where they made use of their intuition,
and that their rate of communication was limited to their typing speed. In con-
trast, the second strategy was closer towards System 2, where participants took
a conscious effort to reason about the opponent’s intentions and overall strategy,
as they wanted to provide the best possible prediction accompanied by a detailed
explanation of their reasoning process. This strategy resulted in fewer predictions,
especially if the current prediction or reasoning did not change.

Participants on average generated more predictions at the beginning of the
game and followed by fewer predictions towards the end of the game, represent-
ing its relevance. Unless the opponent’s plan changes, more recent predictions
will be less relevant, especially if the new predictions were part of the plan that
has already been predicted. In our interviews, participants noted the most diffi-
cult aspects of explaining is to come up with the best possible explanation, and
also what to communicate when unsure how they have come about the predic-
tion. This is when System 1 (or simply: intuition) often comes into play, which
makes it hard to quantify certain aspects such as how much the opponent has
looked at one part as compared with another. Participants also noted that timely
predictions would be most helpful, but this is difficult to tell how far in advance
the opponent will perform the predicted action (e.g. in how many turns).

5 Study 2: Evaluation

By combining the language model derived from Study 1 with an instance of an
intention-aware artificial agent from our previous work, we can now evaluate
the experience of playing an online strategy with and without agent assistance.
Figure 2 summarises our experimental setup of two observation rooms and a
control room. Each session involved three researchers, two to facilitate the players
and the third, an unseen human to assemble the predictions from the artificial
agent into natural language following a set of rules. Both setups were identical for
both players, except for the eye trackers attached to the bottom of their screens;
the evaluated player (PA) was equipped with Tobii Pro X2-30 (for pupillary
data), and ‘naive’ opponent (PB) was equipped with a Tobii 4C eye tracker.

We recruited 60 players (34M/26F) for the study and allocated them ran-
domly into two equal groups according to gender (17M/13F in each). At the
time of recruitment, we informed players that the purpose of the study was to
collect physiological data while they played a strategic game. The first group
(Group A) consisted of ‘aware’ assisted players, aged between 18 and 50 years
(M = 26.9, SD = 6.9), while the second group (Group B) consisted of ‘naive’
players, aged between 18 and 33 (M = 25.6, SD = 3.8) to be the opponents. 17
assisted players and 10 naive opponents have played the game before. All players
were compensated with a $20 (AUD) gift card for their participation.
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Fig. 2. Top: Experimental Setup and Communication Flow. Bottom: AI System Visu-
alisation and Assembly Process. Opponent’s intentions are displayed by increasing the
line thickness of routes. The thicker the line, the more likely the route will be claimed.
Coloured lines represent the claimed routes (player: green, opponent: red). The size of
the city indicates where the opponent has fixated upon (the larger the city, the more
the opponent has looked upon). (Color figure online)

5.1 Intention-Aware Gaze-Enabled Artificial Agent

We instantiated an artificial agent that performs intention recognition using the
combination of ontic actions and gaze using a planning-based model from our
previous work [56]. The approach uses a ‘white-box’ approach that allows us to
understand the underlying algorithms and data structures, which makes it sim-
pler to interrogate the model and its predictions, and therefore generate expla-
nations when compared to other approaches. Further, research has shown that
humans prefer working with an agent through planning; reporting the perceived
reduction of cognitive workload, and the ability to maintain situation awareness
for short-term tasks [49]. The objective of the agent assistance in this work is not
to solve the Ticket to Ride game by providing step-by-step recommendations to
the assisted player but to explore how an agent can assist a human player by
maintaining and communicating its beliefs of an opponent’s intentions.

Our decision to adopt an artificial agent instead of a Wizard of Oz approach
as used in Study 1 was for three reasons. First, using the data set from our
previous study [50], the agent scored positively higher compared to a human
interpreter using gaze visualisation (F1-Score: 0.57 versus 0.37 respectively) in
terms of plan recognition. This means that an assisted player playing alongside
the agent would receive more accurate predictions than with a human assistant
(or wizard), which gave us confidence in its adoption. Second, the more accurate
agent provides better ground truths overall, meaning that even if we provide the
goals of the opponent (destination cities) to the wizard, the system remains far
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better at discriminating and predicting the most likely plans and can provide
this information earlier as well. This capability ensures relative consistency of
predictions and provides a realistic impression of what such systems can do across
participants. Third, as found in our previous study [50], human interpreters can
be subject to biases, especially when the human interpreter fixates on incorrect
predictions and overlooks other predictions.

As part of this work, we developed a graph visualisation to display the pre-
dictions made by the agent to assist in the rule-based assembly stage (shown in
Fig. 2-Bottom). The graph displays the combination of the top 10 most likely
plans of the opponent. The thickness of the edges (representing routes) increases
according to the number of times it appears in the top 10 plans; indicating the
likelihood of the player choosing that particular plan. Further, the graph not only
shows the opponent’s plans at a macro-level but also the possible combinations
that the opponent may use to achieve their intentions, i.e. alternate plans.

5.2 Study Conditions

We designed three conditions representing three levels of information abstrac-
tion. At the lowest level (gaze viz), we show the assisted player (PA) the gaze
of the naive opponent (PB) throughout the game using a live heatmap visual-
isation (as shown in Fig. 1-Left). This condition allowed players to make their
inferences on their opponent’s plans at the cost of their attention and serves as
a baseline condition as we displayed the visualisation throughout the game.

Fig. 3. AI prediction examples.

At the mid-level (detailed ai preds), we assemble the intentions and
observed behaviours into our text-based language model informed by Study
1. Here, we presented the prediction as an Intentional Action [44]—what the
opponent intends to do next, while being transparent about its reasoning pro-
cess. As part of natural language, we conveyed uncertainty when communicating
the predictions and provided temporal, spatial and quantitative elements where
possible. At the highest level (abstract ai preds), the agent provided an
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abstract about the predicted plan through one of the formats from our language
model. As both AI prediction levels are reflective of the Dual Process Theory
[29] systems and the strategies described in Sect. 4.2, we simulate the communi-
cation frequency accordingly. For detailed ai preds, we require the formation
of detailed messages and therefore set the frequency to every 2 minutes so that
the system can make a sufficient observation to form the best possible prediction
and explanation. For abstract ai preds, the frequency was set to a minute
(60 seconds), as we only need to send the best possible prediction at that point
in time. We counterbalanced the study conditions using a Latin square to min-
imise any learning effects. As this is a within-subject study, we only subjected
the conditions to the assisted player (PA), in which we presented as a ‘mode
of assistance’. For both AI conditions, the researcher made it explicit to the
assisted player that the AI uses their opponent’s gaze behaviour and observable
game actions to generate the predictions.

5.3 Measures and Analysis

To evaluate the player experience in each condition, we designed a repeated-
measures questionnaire. As there was no specifically designed questionnaire to
measure the experience of intention awareness, we formed our questions based
on our previous work on gaze-based intention recognition [50], which measures
the subjective experience of players when performing intention recognition with
and without gaze visualisation. For each measure, we employed a 7-point Likert
scale (1 being full disagreement, 7 being full agreement), and included questions
to measure the participant’s perceived ability to discern intentions and formulate
strategy, the effects of information presented during gameplay (such as whether
it has influenced the outcome or have caused them to play differently), and
whether the condition presented were distracting and were informative.

For the AI conditions, we included two additional measures, which asked the
players how well they understood the AI predictions and how reliable the AI
performed in predicting the opponent’s intentions, and only in the detailed
ai preds condition, we asked players about the clarity of the explanations to
validate messages formed using our model. At the end of the study, we measured
the overall experience of using all three conditions, we asked players to rate the
conditions with regards to preference, demand and usefulness from most to least.
We then prompted the players on the ratings for each measure as part of our
subsequent post-study semi-structured interview.

To measure cognitive workload unobtrusively, we used the recently proposed
Index of Pupillary Activity (IPA) metric [18], which measures the frequency of
pupil diameter oscillation. The metric shows a direct correlation with working
memory, making it a plausible way to measure cognitive workload. Further, we
employed traditional measures of the cognitive workload from eye movement
behaviour from prior work (e.g. [9]), such as long fixations (i.e. fixations >500 ms),
which indicate deeper cognitive processing. We also used NASA-TLX question-
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naire [22] to capture perceived workload based on six subscales—mental demand,
physical demand, temporal demand, performance, effort and frustration.

5.4 Participants and Procedures

To manage the complexities of the study, all three researchers involved in the
experiment followed a strict rehearsed protocol. Both players were given an initial
briefing together upon arrival that explains that we will track their physiological
signals throughout the study for post-study analysis. We then provide players
with the written overview of the study, consent form and basic demographic
questionnaire to fill out before separating randomly into one of the two observa-
tion rooms with the allocated facilitator. We instructed the players to play the
game’s interactive tutorial for up to 10 minutes to get familiar with the game
and its controls, regardless of experience. Players then played three rounds of
Ticket to Ride against each other, with each testing a different study condition.

At the start of each round, we requested each player to pick all three randomly
assigned ‘ticket’ cards for them to attempt to complete (each representing a pair
of ‘goal cities’, potentially having up to six initial goal cities). Players were
asked to ‘think aloud’ during the game about their strategy; their opponent’s
strategy; what they were thinking and what their opponent might be thinking.
Each player was given a 12-minute cumulative time allowance for their total
turns in each round to ensure timely completion. If either player ran out of time,
we manually calculated the scores for that round. We video-recorded the screen
and rooms for both players for the entire duration of the session. Each session
lasted approximately 120 minutes in total. For the remainder of the section, we
describe the procedure for each player separately for clarity.

Player A (Assisted Player) Procedure. Once the players entered their
respective rooms, the facilitator (FA) informed the player that they had been
randomly selected to be the ‘aware’ player while making it clear at no point dur-
ing the study that their information will be exposed to their opponent (PB). The
facilitator then calibrated the player’s eyes with the eye tracker using the default
calibration before starting the tutorial. We then informed the player that they
would play three rounds of the game against player PB and will receive ‘addi-
tional information’ about their opponent’s intentions without their knowledge,
which will vary according to the condition.

In all conditions, the player received prompts with a slider (see Fig. 3). The
primary purpose of the rating scale is for players to reflect on the information
that is being presented to them. The players were instructed to verbalise why
they had given a particular rating. At the end of each condition, we administered
the NASA-TLX immediately before asking them to fill up a questionnaire on
their experience about the round they just played. This ordering was intentional
as their subjective workload may change after filling up the questionnaire. Once
completed, the facilitator conducted a short interview on the game they just
played and prompted the player on any extremities in their subjective ratings.
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Player B (Naive Opponent) Procedure. The procedure for the naive oppo-
nent (PB) was straightforward, where the player was required to play three regu-
lar games against player PA while being eye tracked, therefore acted as the con-
trol group. Once the players entered their respective rooms, the facilitator (FB)
calibrated the player to the eye tracker before the tutorial. At the end of each con-
dition, we administered the NASA-TLX questionnaire and a Games Experience
Questionnaire (GEQ) [8]. The primary purpose of both questionnaires was for the
player to fill up the time while player PA went through a longer post-study ques-
tionnaire and interview. Any gaps in time were filled up by facilitator FB, who will
engage in a conversation about the game they just played.

5.5 Results

The first part of this section presents the overall results from our various sub-
jective and objective measures, as previously outlined in Sect. 5.3 (Measures and
Analysis). In the second part, we present and discuss the experience of the players
with and without the agent from the insights provided by the post-study semi-
structured interviews in relation to our various measures. Figure 4 summarises
the median scores for the responses in our repeated-measures questionnaire.

Fig. 4. Questionnaire results.

A Kruskal-Wallis test revealed no significant differences between the condi-
tions for each of the measures. The figure shows that the conditions were found
to be comparable except for the decreasing trend in distraction as we reduced the
information. In addition to these measures, players in both AI conditions rated
an agreeable median score for reliability (5.0) and when asked if they understood
the AI predictions (6.0). The results suggest that although the communication
was clear, the AI was unable to meet the expectation of the player, such as by
not providing correct predictions, predictions that the player already guessed or
that the predictions were not timely enough for them to act on it.

Table 1 below shows the rating given for each condition in relation to prefer-
ence, demand and usefulness. A Friedman test showed no significant differences
between the conditions for all three ratings. These ratings, however, served as
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prompts for discussion during the post-study semi-structured interview as play-
ers were asked to reflect on their reasoning behind their given ratings.

Table 1. Post-study ratings for each condition.

Preferred Demanding Useful

Most Middle Least Most Middle Least Most Middle Least

gaze viz 15 13 2 15 9 6 13 12 5

ai detailed 7 8 15 6 12 12 9 6 15

ai abstract 8 9 13 8 10 12 8 12 10

Table 2. Results of cognitive workload measures.

IPA (Hz) Average long Average saccade NASA-TLX

fixations (>500 ms) velocity (m/sec)

gaze viz 0.0127 0.02 (0.02) 47.80 (27.9) 49.1

ai detailed 0.0138 0.22 (0.10) 54.71 (29.2) 45.4

ai abstract 0.0148 0.02 (0.02) 49.49 (31.3) 45.9

Table 2 summarises the results of our cognitive workload measures. We ran
a Mann-Whitney U test for all the objective measures and only found signif-
icant differences for the average long fixations measure. A post hoc analysis
showed differences between the gaze viz and detailed ai preds conditions
(W = 0, Z = 4.78, p < 0.05, r = 0.87) and between both AI conditions (W = 0,
Z = 4.78, p < 0.05, r = 0.87). The results show that players on average had
longer fixations in the detailed ai preds condition, which could simply be
because participants needed time to process the predictions. We found no signif-
icant differences between gaze viz and abstract ai preds conditions, which
suggests that players did not require a longer time to parse the predictions in
abstract ai preds condition, indicating that the abstract ai preds case
did not introduce any significant burden while achieving similar awareness as
the gaze viz condition. Though the AI did not decrease the cognitive workload
as compared with the current approach of gaze visualisation, the NASA-TLX
questionnaire scores indicated that players perceived the gaze viz condition
to be more demanding overall than when being assisted by the agent. However,
although the overall mean score for the measure suggests the perceived workload
for the gaze viz condition was higher when compared to the AI conditions, a
Kruskal-Wallis test showed no significant differences among the three conditions.
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AI Predictions. Players who spoke positively about the predictions often
referred to the specific properties in the predictions, including temporal and
spatial properties as found in prior work (e.g. “I like the temporal information
(‘since the beginning of the game...’), and precise information about where the
opponent was looking.” – [P17A]). The uncertainty provided in the explana-
tions was also well received by players, noting that they only needed to know
the areas than the specific cities (e.g. P8A), or that the agent communicated
alternate paths the opponent may take (e.g. P30A). Player P12A explicitly noted
that the predictions were useful when the agent predicted longer (distal) routes
instead of shorter (proximal) routes, especially for strategy formulation.

There is some evidence to suggest that the AI predictions drew their attention
to areas of the board they overlooked. For example, P5A mentioned “It made me
take notice of what my opponent was doing.” A third of players (10/30) noted
that they had to invest time in deciphering the AI predictions, mostly attributed
to their unfamiliarity with the map, despite each prediction having an overall
indication of the area in the predictions where applicable (e.g. From [City] to
[City] in the South East). This finding also brings forward an issue with the
textual representation of intentions (“I like the predictions that were short; I did
not like the visuals. It was easier to take the AI info but not as pop-up prompts.”
– [P29A]; “It took me out of the game a little to have the prompt pop up and
then look at the map to interpret.” – [P10A]). Player P1A mentions that “...it
would be better if the route was highlighted”, as a suggestion to complement the
predictions with a concise visual component.

Players who least preferred the AI conditions found the prediction prompts
distracting because it interrupted their thought process. As they were required
to reflect on the prediction sent each time, it took them further away from
their current task. Between the AI conditions, players preferred the abstract
AI predictions over the detailed AI predictions in general as the messages were
more concise and therefore needed less time investment in deciphering them and
subsequently utilising the information:

– P8A: “I liked the simplicity of the information it [the artificial agent] gave
me, it was very easy to filter.”

– P10A: “I liked the short form prompts, they were actually quicker to read, and
I was still able to formulate a plan around my interpretation of the prompt.”

– P23A: “Shorter and brief hints were easy to understand and helpful.”

There were overarching reports that predictions became less useful as the
game progressed, as expected, especially towards the end of the game, as P12A

mentions “I liked the initial predictions, but it was less helpful towards the end
of the game”. A possible explanation is because there was enough evidence in
the form of routes claimed and players could make their own inferences through
the observable opponent actions. As the agent lacked awareness of the context,
players also noted several limitations in the AI conditions, such as not being able
to predict whether the opponent was going to block them (e.g. P17A).

Further, the agent was expected to communicate when prior predictions are
no longer relevant or when the plans of the opponent have changed, as P15A
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states “I’m not sure how helpful the AI was. It could be that the opponent did not
have enough cards to carry out his original plan, or I blocked him successful at the
beginning”. Moreover, players also mentioned that they did not pay attention to
their opponent’s plans throughout the game, as their plans were not affected by
their own. This finding suggests that the AI made them aware of their opponent’s
plans, but in some ways annoyed them as the AI kept informing them about the
opponent’s plans when it did not affect their plans throughout the game.

Gaze Visualisation. A third of players (10/30) explicitly mentioned that the
gaze visualisation was ‘distracting’, mentioning it “moved too much” [P1A], occu-
pied their time and attention [P15A], which then caused them to play longer
turns [P10A]. When prompted further, three players (P12A, P25A, P29A) men-
tioned it was mentally demanding to focus on their own and their opponent’s
strategies (or plans) at the same time, causing a distraction.

Half the players (16/30) found the gaze visualisation to be informative and
therefore useful, with a general consensus that it was good to know the general
areas the opponent was looking at. Player P17A enjoyed the challenging aspect
of inferring the opponent’s intentions on their own, while P12A found it interest-
ing to reaffirm their assumptions. Though these players found the visualisation
informative, players also were not able to utilise the information that was avail-
able to them, especially if they were not experienced in the game (e.g. “It was
good to know the general areas the opponent was going for, but don’t think I’m
experienced enough to act well on the information.” – P23A). These findings are
also reflected in our questionnaire results, as shown in Fig. 4.

Table 1 shows that although gaze was found to be most demanding, it was
rated most preferred and useful. There are two possible explanations for this.
First, experienced players were able to utilise the additional information better
through gaze. Second, players noted that the fact that the gaze was overlaid over
the game made it easy to determine the areas of interest spatially, which was
sufficient to gauge their opponents’ intentions at a glance.

A few players drew comparisons with the AI predictions, for example, “I
prefer it [gaze visualisation] to the AI because I didn’t have to bother with reading
the pop-ups.” as mentioned by P23A. Players also mention that it was possible
to ignore gaze when they want to, attributing it to visual background noise
on the interface. However, players did note the ability to access the additional
information at all times in the gaze viz condition. In comparison with the AI
conditions, new information was only available when the predictions appeared,
leaving the players on occasion to wait longer for new information to be sent.

6 Discussion

In this paper, we evaluated the prospects of an ideal intention-aware artificial
agent, which we designed in line with the existing literature. We present the
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first step towards artificial agents that can interpret and communicate inten-
tions afforded by gaze input to assist a user by improving the user’s situation
awareness. Further, we evaluated whether the agent can alleviate the distracting
nature of live gaze visualisation used to recognise intentions in prior work. To
that end, we conducted two studies: first to derive a language model used by
our agent to communicate the predicted intentions using natural language, and
second to evaluate the effectiveness and experience of interacting with our agent.

The predictions and explanations provided by the agent early in the game
allowed the participants to formulate better strategies, but overall, the agent
neither impacted the players’ performance nor decreased the cognitive work-
load as initially hypothesised. It was possible that the game itself introduced
cognitive workload, which is difficult to isolate as players had different abilities
and set of goals. However, the overall perceived cognitive workload was lower in
the agent-assisted conditions, with reduced distraction as compared to the gaze
visualisation approach. We further acknowledge that irrespective of the mode of
communication, the processing of information generates cognitive workload.

Our subjective assessments indicate that the agent was successful in deriving
intentions from gaze and communicating them to the players in a way that
matched the informativeness of the gaze visualisation. These results suggest
that there is vast potential in using artificial agents to take on such roles when
provided with complementary inputs such as gaze. We also note that an agent-
assisted approach can potentially scale well for multiple users, where the agent
can determine what is the most relevant information to communicate, compared
to visualising multiple user’s gaze on the same interface which could potentially
clutter the interface and cause confusion. Due to the limitations of our approach
concerning representation and context, we have only partially achieved our goals
for a collaborative intention-aware artificial agent. Following, we discuss the
considerations when designing such agents derived from our findings.

Information Presentation. A significant limitation of our approach is the full
use of textual representations to convey human intentions. While this serves as
a good starting point, it caused participants in our study who were unfamiliar
with the game to underutilise the predictions from the agent, as they needed
to be spatially aware of the layout of the interface, i.e. the location of cities or
map areas, to understand the predictions. Our findings suggest that an overlay
of precise intentions over the interface using visual augmentation by the agent
coupled with natural language annotations, can potentially be a more under-
standable way to communicate predictions and explanations.

Context-Awareness. In our user study, we evaluated two sides of the interac-
tion simultaneously. On one side, whether the agent can process and communi-
cate intentions in real-time by observing a human player (the opponent), hence
the sender. On other, the experience of the receiver of intentions, in our case, the
agent-assisted player. Ideally, the agent should consider what the agent-assisted
player already knows by deriving their intentions as well, either implicitly or
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explicitly. With context-awareness, the agent would only communicate relevant
predictions, such as predictions that directly affect the user and therefore, better
relevance to the user regardless of the mode of communication. The detailed ai
preds condition was an extreme case where we gave the most complete expla-
nation possible without considering what the player already knew, leading to
the communication of redundant information. The subjective assessment of this
condition shows that it is necessary to keep a model of what the player already
knows, or what has already been communicated, to reduce distracting informa-
tion and increase the effectiveness of each communication.

Moreover, context-awareness would allow the agent to adjust the level
of detail when communicating intentions. The combination of more concise
information and more timely predictions would improve the human’s ability
to respond to the agent. Furthermore, if the agent understood the intentions of
all observable users, it would be possible for the agent to negotiate the broader
goals of each of the users derived from their intentions. Our work closely resem-
bles iTourist, in which an agent could recognise gaze patterns of a ‘tourist’ and
provide recommendations on transport or accommodation alternatives [53], but
only for a single user at a time. We extend this work by demonstrating the abil-
ity of an automated system to understand long-term human intentions, and by
providing insights on how these intentions can be communicated effectively, in
a way that can be scaled easily to multiple users.

Nonverbal Communication. This work provides an empirical assessment in
a real-time setting of the intention prediction model that we developed in a
previous paper [56], and shows that nonverbal inputs such as gaze can be used
as a basis for natural language explanations. Further, this work demonstrates the
usefulness of multimodal human inputs in the context of human-agent teaming.
Our broader aim in this work is to provide a generalisable approach for designing
such agents (we do not claim ecological validity for our study setting).

Our work aims to improve on current approaches for human-awareness by not
only detecting human presence or actions, but also predicting their intentional
actions. As an example, we use the work of Unhelkar et al. [58]’s human-robot
collaborative assembly task. In their task, the work area was divided into cells,
some shared by humans and robots, which were required to cease operating
entirely whenever a human enters a shared cell. They developed and tested a
model that incorporated predictions of human motion to improve the efficiency
and safety of the assembly task. However, if the robot’s motion planner could
‘see’ that as the human was moving towards their cell, and could ‘see’ that
the human is consistently looking at a bench in a cell that was not their own.
The robot then could easily fuse the gaze and motion information to determine
the cell that the human was going to and continue its work rather than stop,
improving its task efficiency and the interaction with the human. Hence, agents
with the ability to process intentions can not only improve their interactions
with their human counterparts but improve their proactiveness as well.
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Explainable Agency. Our first study formed the basis of a general model of
intention communication, which can support the cognitive process of generating
explanations involving observable actions and gaze behaviours. As explanations
in an explainable agency [35,40] involves both a cognitive process to derive an
explanation and a social process of communicating the explanation to a human
[42,47], there is a clear scope of expanding our approach to generalise our findings
to other settings, evaluate our existing approach [25], and to explore two-way
communication between the human and the agent (e.g. dialogue).

In essence, our agent possesses the ability to maintain the mental model of
users with regards to short and long-term intentions that we can interrogate
at any point in time using our ‘white-box’ approach. Lastly, our work focused
on intention recognition aspect of explanation, which goes beyond question-
answering, and differs from existing approaches where the presence of features
is used to explain instead of the long-term observation of human behaviours.

7 Conclusions

In this paper, we have demonstrated a viable approach for designing the commu-
nication and interaction means for socially interactive agents, addressing various
prerequisites for effective human-agent collaboration [37,38]. Our approach uses
a proactive agent to assist a human player engaged in an online strategy game
by improving the player’s situation awareness through the communication of an
opponent’s intentions. We developed a language model based on human commu-
nication that allows our intention-aware agent to communicate inferred inten-
tions through the observation of gaze behaviours and actions. In a user study,
we evaluated the experience with and without the agent and found that play-
ers were receptive to the agent due to its ability to provide situation awareness
of future intentions without the distractions of gaze visualisation. The agent’s
ability to digest gaze information into contextual and useful representations has
broad implications for future systems. We provide several considerations on the
design of such agents, including the presentation of information, the need for
context-awareness, and opportunities in harnessing nonverbal communication.

Overall, the paper highlights the use of nonverbal behavioural inputs in
Human-Agent Interaction and further provides an approach that can be applied
in scenarios where it is important to know the intentions of others (e.g. air traffic
control, wargaming). In future work, we plan to extend the agent with the ability
to consider additional input from the user and to generate alternative predictions
about another user based on ‘what-if’ queries (such as querying about an action
that another user is most likely to take). These extended capabilities will be
particularly useful in collaborative scenarios, where an agent can assist, mediate
or negotiate with knowledge of multiple users’ intentions.
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A	

STUDY	QUESTIONNAIRE	

PROJECT	TITLE:	 Exploring	Gaze	in	Immersive	Gaming	Environments	
RESPONSIBLE	RESEARCHER:		 Eduardo	Velloso	
OTHER	RESEARCHERS:	 Joshua	Newn,	Fraser	Allison	&	Frank	Vetere	
	

PARTICIPANT	DETAILS	

GAME	NUMBER	 AGE	 GENDER	

	

	

	 	

HOW	MANY	DAYS	DID	YOU	PLAY	GAMES	IN	THE	LAST	WEEK?	

	

	

WHAT	KIND	OF	GAMES	DO	YOU	PLAY?	

	

	

WHICH	OF	THESE	BESTS	DESCRIBES	YOU:	NON-GAMER,	OCCASIONAL	GAMER,	REGULAR	GAMER?	

	

	

HAVE	YOU	PLAYED	TICKET	TO	RIDE	PREVIOUSLY?	

	

	

HAVE	YOU	HAD	ANY	EXPERIENCE	WITH	EYE	TRACKING?	

	

	

	

	

	 	



	

	

A	

ROUND	1	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?	
Moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card,	etc.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

	
2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	

Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the		
potential	routes	and	actions	they	may	have	taken	to	get	there.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

	
3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	

strategies?	
	

	

	

	

	
	

	 	 	 	 	 	 	
	

	

	 	



	

	

A	

ROUND	2	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?		
Moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card,	etc.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	
Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the	
potential	routes	and	actions	they	may	have	taken	to	get	there.	
		

	 	 	 	 	 	

	 	 	 	 	 	

	

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	
strategies?	
	

	

	

	

	
	

	
4) Did	you	find	it	helpful	to	know	where	your	opponent	was	looking	to	find	out	their	

strategy?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		 	

It	was	extremely	
unhelpful,	and	I	
found	it	to	be	
distracting.	

	 	 I	did	not	find	it	
helpful,	but	it	did	not	
bother	me	either.	

	 	 It	was	extremely	
helpful,	and	I	
found	it	to	be	
informative.	

	
	
	
	
	



	

	

A	

5) Did	knowing	where	your	opponent	was	looking	make	it	easier	to	predict	their	moves?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

It	did	not	make	
it	easier	to	
predict	their	
moves	at	all.	

	 	 It	helped,	but	it	did	
not	make	it	

significantly	easier.	

	 	 It	made	it	
extremely	easy	
to	predict	their	

moves.	

6) Did	you	find	it	helpful	to	know	where	your	opponent	was	looking	to	formulate	your	
strategy?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

It	was	extremely	
unhelpful,	and	I	
found	it	to	be	
distracting.	

	 	 I	did	not	find	it	
helpful,	but	it	did	not	
bother	me	either.	

	 	 It	was	extremely	
helpful,	and	I	
found	it	to	be	
informative.	

	
7) Did	knowing	where	your	opponent	was	looking	influence	the	outcome	of	the	game?	

		
	 	 	 	 	 	

	 	 	 	 	 	

		

It	did	not	have	
an	influence	on	

the	game.	

	 	 It	had	some	
influence	but	was	
not	the	deciding	

factor.	

	 	 It	had	a	clear	
influenced	on	
the	outcome	of	

the	game.	

8) Did	you	change	the	way	you	played	the	game	when	you	could	see	where	you	
opponent	was	looking?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	did	not	change	
the	way	I	played	

the	game.	

	 	 	 	 	 I	completely	
changed	the	way	I	
played	the	game.	

	

	

	
	

	 	



	

	

A	

ROUND	3	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?		
Moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card,	etc.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	
Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the	
potential	routes	and	actions	they	may	have	taken	to	get	there.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	
strategies?	
	

	

	

	
	

	
4) Did	it	bother	you	that	your	opponent	knows	where	you	were	looking?	

		
	 	 	 	 	 	

	 	 	 	 	 	

		

It	did	not	bother	
me	at	all.	

	

	 	 	 	 	 It	bothered	me	a	
lot.	

5) Did	you	change	the	way	you	played	the	game	when	your	opponent	could	see	where		
you	were	looking?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	did	not	change	
the	way	I	played	

the	game.	

	 	 	 	 	 I	completely	
changed	the	way	I	
played	the	game.	



	

	

A	

	
6) Did	you	attempt	to	deceive	your	opponent?	If	so,	how?	

	

	

	

	

	

	
7) Did	you	attempt	to	hide	your	strategy?	If	so,	how?	

	

	

	

	

	

	
8) Additional	comments/suggestions.	

	

	

	

	

	

	

	

	

	



	
N	

STUDY	QUESTIONNAIRE	

PROJECT	TITLE:	 Exploring	Gaze	in	Immersive	Gaming	Environments	
RESPONSIBLE	RESEARCHER:		 Eduardo	Velloso	
OTHER	RESEARCHERS:	 Joshua	Newn,	Fraser	Allison	&	Frank	Vetere	
	

PARTICIPANT	DETAILS	

GAME	NUMBER	 AGE	 GENDER	

	

	

	 	

HOW	MANY	DAYS	DID	YOU	PLAY	GAMES	IN	THE	LAST	WEEK?	

	

	

WHAT	KIND	OF	GAMES	DO	YOU	PLAY?	

	

	

WHICH	OF	THESE	BESTS	DESCRIBES	YOU:	NON-GAMER,	OCCASIONAL	GAMER,	REGULAR	GAMER?	

	

	

HAVE	YOU	PLAYED	TICKET	TO	RIDE	PREVIOUSLY?	

	

	

HAVE	YOU	HAD	ANY	EXPERIENCE	WITH	EYE	TRACKING?	

	

	

	

	

	 	



	
N	

ROUND	1	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?	
Moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card,	etc.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

	
2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	

Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the	
potential	routes	and	actions	they	may	have	taken	to	get	there.	
	

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

	
3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	

strategies?	
	

	

	

	

	
	

	 	 	 	 	 	 	
	

	

	 	



	
N	

ROUND	2	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?		
Moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	
Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the	
potential	routes	and	actions	they	may	have	taken	to	get	there.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	
strategies?	
	

	

	

	

	
	

	
4) In	what	way	was	this	round	of	the	game	different	to	the	previous?	

	

	

	

	

	
	

	

	

	



	
N	

ROUND	3	

The	questions	below	are	based	on	the	round	you	just	played.	Please	tick	the	circle	that	best	describes	
your	experience.	

1) How	well	were	you	able	to	predict	your	opponent’s	moves?		
Opponent’s	moves	refer	to	the	actions	of	your	opponent	e.g.	claiming	a	route,	picking	a	card.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

2) How	well	were	you	able	to	predict	your	opponent’s	overall	strategy?	
Overall	strategies	refer	to	the	cities	your	opponent	was	attempting	to	connect,	and	the	
potential	routes	and	actions	they	may	have	taken	to	get	there.	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	was	not	able	to	
predict	at	all.	

	 	 		 	 	 I	was	able	to	
predict	

extremely	well.	

3) What	aspects	of	the	game	did	you	find	helpful	in	predicting	your	opponent’s	
strategies?	
	

	

	

	

	
	

	
4) Did	you	find	it	helpful	to	know	where	your	opponent	was	looking	to	find	out	their	

strategy?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		 	

It	was	extremely	
unhelpful,	and	I	
found	it	to	be	
distracting.	

	 	 I	did	not	find	it	
helpful,	but	it	did	not	
bother	me	either.	

	 	 It	was	extremely	
helpful,	and	I	
found	it	to	be	
informative.	

	
	
	
	



	
N	

	
5) Did	knowing	where	your	opponent	was	looking	make	it	easier	to	predict	their	moves?	

		
	 	 	 	 	 	

	 	 	 	 	 	

		

It	did	not	make	
it	easier	to	
predict	their	
moves	at	all.	

	 	 It	helped,	but	it	did	
not	make	it	

significantly	easier.	

	 	 It	made	it	
extremely	easy	
to	predict	their	

moves.	

	

6) Did	you	find	it	helpful	to	know	where	your	opponent	was	looking	to	formulate	your	
strategy?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

It	was	extremely	
unhelpful,	and	I	
found	it	to	be	
distracting.	

	 	 I	did	not	find	it	
helpful,	but	it	did	not	
bother	me	either.	

	 	 It	was	extremely	
helpful,	and	I	
found	it	to	be	
informative.	

	
7) Did	knowing	where	your	opponent	was	looking	influence	the	outcome	of	the	game?	

		
	 	 	 	 	 	

	 	 	 	 	 	

		

It	did	not	have	
an	influence	on	

the	game.	

	 	 It	had	some	
influence	but	was	
not	the	deciding	

factor.	

	 	 It	had	a	clear	
influenced	on	
the	outcome	of	

the	game.	

8) Did	you	change	the	way	you	played	the	game	when	you	could	see	where	your	
opponent	was	looking?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	did	not	change	
the	way	I	played	

the	game.	

	 	 	 	 	 I	completely	
changed	the	way	I	
played	the	game.	

	

9) Do	you	think	whether	your	opponent	was	aware	that	they	were	being	watched?	
		

	 	 	 	 	 	

	 	 	 	 	 	

		

I	did	not	think	
my	opponent	
was	aware.	

	
	
	

	 	 I	suspected	but	was	
not	sure.	

	 	 I	was	sure	that	
my	opponent	
was	aware.	



	
N	

	
10) Did	you	feel	you	were	deceived	at	any	point	in	the	game?	If	so,	how?	

	

	

	

	

	

	
	

11) Additional	comments/suggestions.	
	

	

	

	

	

	

	

	

	

	



B.2 Study 5 Study Materials: Questionnaires



 

 

A 

STUDY QUESTIONNAIRE 

PROJECT TITLE: Exploring Gaze in Immersive Gaming Environments 
RESPONSIBLE RESEARCHER:  Eduardo Velloso 
OTHER RESEARCHERS: Joshua Newn, Fraser Allison, Ronal Singh, Prashan Madumal, 
 Frank Vetere 

 

PARTICIPANT DETAILS 

GAME NUMBER AGE GENDER 

 

 

  

HOW MANY DAYS DID YOU PLAY GAMES IN THE LAST WEEK? 

 

 

WHAT KIND OF GAMES DO YOU PLAY? 

 

 

WHICH OF THESE BESTS DESCRIBES YOU: NON-GAMER, OCCASIONAL GAMER, REGULAR GAMER? 

 

 

HAVE YOU PLAYED TICKET TO RIDE PREVIOUSLY? 

 

 

HAVE YOU HAD ANY EXPERIENCE WITH EYE TRACKING? 

 

 

 

 

  



 

 

A 

GAZE VISUALIZATION 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

 



 

 

A 

The questions below are based on the round you just played. Please tick the circle that best describes 
your experience. 

1) Did you find it helpful to know where your opponent was looking to find out their 
plans? 

  
      

      

   

It was extremely 
unhelpful. 

  It was neither helpful 
nor unhelpful. 

  It was extremely 
helpful. 

2) Did you find it helpful to know where your opponent was looking to formulate your 
own plans? 

  
      

      

  

It was extremely 
unhelpful. 

  It was neither helpful 
nor unhelpful. 

  It was extremely 
helpful. 

 
3) Did knowing where your opponent was looking influence the outcome of the game? 

  
      

      

  

It did not 
influence the 

outcome of the 
game. 

  It had some 
influence but was 
not the deciding 

factor. 

  It had a clear 
influenced on 

the outcome of 
the game. 

4) Did you change the way you played the game when you could see where your 
opponent was looking? 

  
      

      

  

I did not change 
the way I played 

the game. 

     I completely 
changed the way I 
played the game. 

       

5) Did you find it informative to know where your opponent was looking? 
  

      

      

  

It was not 
informative at all. 

     It was extremely 
informative. 

 
 
 
 



 

 

A 

6) Did you find it distracting to see where your opponent was looking? 
  

      

      

  

It was not 
distracting at all. 

     It was extremely 
distracting. 

 

7) Did the visualization of your opponent’s gaze make it difficult to play the game? 

  
      

      

  

It did not make 
it difficult to 

play the game. 

      It made it 
extremely difficult 
to play the game. 

 
8) What aspects did you like or disliked when shown the gaze of your opponent? 

 

 

 

 

 
 

       

 

9) In general, what did you think of the round you just played? (Interview Question) 

 

  
 

 

  



 

 

A 

AI PREDICTIONS 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

  



 

 

A 

The questions below are based on the round you just played. Please tick the circle that best describes 
your experience. 

1) Did you find it helpful that the AI predicted the intentions of your opponent?  
  

      

      

   

It was extremely 
unhelpful. 

  It was neither helpful 
nor unhelpful. 

  It was extremely 
helpful. 

 
2) Did you find it helpful to formulate your plans from knowledge of your opponent’s 

intentions predicted by the AI? 
  

      

      

  

It was extremely 
unhelpful. 

  I did not find it 
helpful. 

  It was extremely 
helpful. 

 
3) Did being told your opponent’s intentions influence the outcome of the game? 

  
      

      

  

It did not 
influence the 

outcome of the 
game. 

  It had some 
influence but was 
not the deciding 

factor. 

  It had a strong 
influenced on 

the outcome of 
the game. 

 
4) Did you change the way you played when the AI predicted your opponent’s  

intentions? 
  

      

      

  

I did not change 
the way I played 

the game. 

     I completely 
changed the way I 
played the game. 

 

5) Overall, how reliable was the AI in predicting the opponent’s intentions? 

  
      

      

  

The AI was not 
reliable at all. 

      The AI was 
extremely reliable. 

 
 
 



 

 

A 

6) How well were you able to keep track of your opponent’s intentions? 
 

  
      

      

  

I was not able to 
keep track at all. 

      I was able to 
keep track at all 

times. 

7) Did you find the AI predictions on your opponent’s intentions informative? 
 

  
      

      

  

It was not 
informative at all. 

      It was extremely 
informative. 

8) Did you find the AI predictions on your opponent’s intentions distracting? 
 

  
      

      

  

It was not 
distracting at all. 

      It was extremely 
distracting. 

9) How well did you understand the predictions provided from the AI? 
  

      

      

  

I did not 
understand 

what the AI was 
telling me. 

     I completely 
understand what 
the AI was telling 

me. 

 
10) What aspects did you like or disliked when given predictions by the AI? 

 

 

 

 
 

       

 

11) In general, what did you think of the round you just played? (Interview) 
 

12) Did you find the AI helpful? (prompt) 

 



 

 

A 

 

AI EXPLAINED PREDICTIONS 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

  



 

 

A 

The questions below are based on the round you just played. Please tick the circle that best describes 
your experience. 

1) Did you find it helpful that the AI predicted the intentions of your opponent?  
  

      

      

   

It was extremely 
unhelpful. 

  It was neither helpful 
nor unhelpful. 

  It was extremely 
helpful. 

 
2) Did you find it helpful to formulate your plans from knowledge of your opponent’s 

intentions predicted by the AI? 
  

      

      

  

It was extremely 
unhelpful. 

  I did not find it 
helpful. 

  It was extremely 
helpful. 

 
3) Did being told your opponent’s intentions influence the outcome of the game? 

  
      

      

  

It did not 
influence the 

outcome of the 
game. 

  It had some 
influence but was 
not the deciding 

factor. 

  It had a strong 
influenced on 

the outcome of 
the game. 

 
4) Did you change the way you played when the AI predicted your opponent’s  

intentions? 
  

      

      

  

I did not change 
the way I played 

the game. 

     I completely 
changed the way I 
played the game. 

 

5) Overall, how reliable was the AI in predicting the opponent’s intentions? 

  
      

      

  

The AI was not 
reliable at all. 

      The AI was 
extremely reliable. 

 
 
 



 

 

A 

6) How well were you able to keep track of your opponent’s intentions? 
 

  
      

      

  

I was not able to 
keep track at all. 

      I was able to keep 
track at all times. 

7) Did you find the AI predictions on your opponent’s intentions informative? 
 

  
      

      

  

It was not 
informative at all. 

      It was extremely 
informative. 

8) Did you find the AI predictions on your opponent’s intentions distracting? 
 

  
      

      

  

It was not 
distracting at all. 

      It was extremely 
distracting. 

9) How well did you understand the predictions provided from the AI? 
  

      

      

  

I did not understand 
what the AI was 

telling me. 

     I completely 
understand what the 

AI was telling me. 

10) How clear did the AI provide the explained predictions? 
  

      

      

  

They were not 
clear at all, and I 
required further 

clarification. 

     They were extremely 
clear, and I did not 

require further 
clarification. 

11) What aspects did you like or disliked when given predictions by the AI? 
 

 
 

       

 

12) In general, what did you think of the round you just played? (Interview) 
 



 

 

A 

OVERALL PREFERENCES 

 

1) Which condition did you most prefer and least prefer? 

Gaze Visualization  

AI Predictions  

AI Explained Predictions  

 

2) Which condition did you find the most useful and least useful? 

Gaze Visualization  

AI Predictions  

AI Explained Predictions  

 

3) Which conditions did you find the most demanding and least demanding? 

Gaze Visualization  

AI Predictions  

AI Explained Predictions  
 

 
4) Additional comments/suggestions. 

 

 

 

 

 

 

 

 



 
B 

STUDY QUESTIONNAIRE 

PROJECT TITLE: Exploring Gaze in Immersive Gaming Environments 
RESPONSIBLE RESEARCHER:  Eduardo Velloso 
OTHER RESEARCHERS: Joshua Newn, Fraser Allison, Ronal Singh, Prashan Madumal, 
 Frank Vetere 

 

PARTICIPANT DETAILS 

GAME NUMBER AGE GENDER 

 

 

  

HOW MANY DAYS DID YOU PLAY GAMES IN THE LAST WEEK? 

 

 

WHAT KIND OF GAMES DO YOU PLAY? 

 

 

WHICH OF THESE BESTS DESCRIBES YOU: NON-GAMER, OCCASIONAL GAMER, REGULAR GAMER? 

 

 

HAVE YOU PLAYED TICKET TO RIDE PREVIOUSLY? 

 

 

HAVE YOU HAD ANY EXPERIENCE WITH EYE TRACKING? 

 

 

 

 

  



 
B 

ROUND 1 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

 

  



 
B 

Please indicate how you felt while playing the game for each of the items. 
 

  Not at all Slightly Moderately Fairly Extremely 

1 I felt content      

2 I felt skilful      

3 I thought it was fun      

4 I was fully occupied with the game      

5 I felt happy      

6 It gave me a bad mood      

7 I found it tiresome      

8 I felt competent      

9 I thought it was hard      

10 I forgot everything around me      

11 I felt good at it      

12 I felt bored      

13 I felt successful      

14 I enjoyed it      

15 I was fast at reaching the game’s 
targets 

     

16 I felt annoyed      

16 I felt pressured      

17 I felt irritable      

18 I lost track of time      

19 I felt challenged      

20 I found it impressive      

21 I was deeply concentrated on the 
game 

     

22 I felt frustrated      

23 It felt like a rich experience      

24 I lost connection with the outside 
world 

     

25 I felt time pressure      

26 I had to put a lot of effort into it      



 
B 

ROUND 2 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

  



 
B 

Please indicate how you felt while playing the game for each of the items. 
 

  Not at all Slightly Moderately Fairly Extremely 

1 I felt content      

2 I felt skilful      

3 I thought it was fun      

4 I was fully occupied with the game      

5 I felt happy      

6 It gave me a bad mood      

7 I found it tiresome      

8 I felt competent      

9 I thought it was hard      

10 I forgot everything around me      

11 I felt good at it      

12 I felt bored      

13 I felt successful      

14 I enjoyed it      

15 I was fast at reaching the game’s 
targets 

     

16 I felt annoyed      

16 I felt pressured      

17 I felt irritable      

18 I lost track of time      

19 I felt challenged      

20 I found it impressive      

21 I was deeply concentrated on the 
game 

     

22 I felt frustrated      

23 It felt like a rich experience      

24 I lost connection with the outside 
world 

     

25 I felt time pressure      

26 I had to put a lot of effort into it      

  



 
B 

ROUND 3 

Place a mark at the desired point on each scale that best indicates your experience for the round you just 
played. 

Mental Demand 

How mentally demanding was the task? 
                    

                    

Very Low Very High gh 

Physical Demand 

How physically demanding was the task? 
                    

                    

Very Low Very High gh 

Temporal Demand 

How hurried or rushed was the pace of the task? 
                    

                    

Very Low Very High gh 

Performance 

How successful were you in accomplishing what you were asked to do? 
                    

                    

Perfect Failure gh 

Effort 

How hard did you have to work to accomplish your level of performance? 
                    

                    

Very Low Very High gh 

Frustration 

How insecure, discouraged, irritated, stressed and annoyed were you? 
                    

                    

Low High gh 
 

 

  



 
B 

Please indicate how you felt while playing the game for each of the items. 
 

  Not at all Slightly Moderately Fairly Extremely 

1 I felt content      

2 I felt skilful      

3 I thought it was fun      

4 I was fully occupied with the game      

5 I felt happy      

6 It gave me a bad mood      

7 I found it tiresome      

8 I felt competent      

9 I thought it was hard      

10 I forgot everything around me      

11 I felt good at it      

12 I felt bored      

13 I felt successful      

14 I enjoyed it      

15 I was fast at reaching the game’s 
targets 

     

16 I felt annoyed      

16 I felt pressured      

17 I felt irritable      

18 I lost track of time      

19 I felt challenged      

20 I found it impressive      

21 I was deeply concentrated on the 
game 

     

22 I felt frustrated      

23 It felt like a rich experience      

24 I lost connection with the outside 
world 

     

25 I felt time pressure      

26 I had to put a lot of effort into it      
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