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Abstract

In the evolving landscape of immersive spatial computing, such as extended reality (XR),

effective collaboration remains a cornerstone of productivity and innovation. In traditional

co-located work, collaborators naturally align both their visual and cognitive attention through

a blend of gaze, gesture, and referring expressions, enabling rapid establishment of common

ground and precise coordination.

This thesis investigates how such attentional cues can be reconstructed and visualised in im-

mersive collaboration settings, particularly on low-cost VR/AR headsets that lack eye-tracking.

Rather than treating raw gaze as the sole proxy for intent, the work adopts a complementary re-

construction approach that combines naturally occurring collaborative behaviours (head move-

ment and verbal communication) with the shared spatial context of the task to approximate a

partner’s attention and expose it through adaptive visual cues.

Across a series of empirical studies, the thesis introduces and evaluates three components.

First, a probabilistic Cone-of-Vision derived from head orientation supports broad mutual

awareness without requiring eye-tracking. Second, a deep learning model refines this coarse

signal, reducing spatial ambiguity while avoiding the computational cost of full computer vision

pipelines. Third, a Speech-Augmented Cone-of-Vision integrates referring expressions in real

time, dynamically scaling from scene-level awareness to object-level focus as collaborators speak.

These findings challenge the assumption that raw sensor data is the gold standard for visual

attention cues. By demonstrating the importance of broad attention cues for collaborative

alignment and the role of speech in reducing ambiguity, this thesis proposes a shift from merely

replicating gaze mechanics to visualizing the higher-order of cognitive attention. Ultimately,

this work underscores that leveraging naturally occurring behaviours is not just a hardware

workaround, but a fundamental requirement for the hyper-productive, augmented collaboration

promised by spatial computing.
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Glossary

6DOF Six Degrees of Freedom. Refers to the ability to move freely in three-dimensional space

(translation in x, y, and z axes) and rotate around those axes (pitch, yaw, and roll). viii

AFM Average Fixation Map. A visualisation technique that aggregates gaze data to show the

average distribution of visual attention across a scene. viii

AI Artificial Intelligence. The simulation of human intelligence processes by machines, espe-

cially computer systems. viii

ANOVA Analysis of Variance. A statistical method used to analyse the differences between

group means and their associated procedures. viii

AOI Area of Interest. A specific region or element within a visual scene that is relevant to a

task or analysis. viii

AR Augmented Reality. A technology that overlays digital information onto the real world,

enhancing the user’s perception of reality. viii

Avatar A digital representation of a user in a virtual environment. viii

bi-directional Involving or operating in two directions. In the context of visual attention

cues, it means that both the user and their collaborator can see each other’s focus of

attention. viii

bi-gram A sequence of two adjacent elements from a string of tokens, typically used in natural

language processing. viii
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CAVE Cave Automatic Virtual Environment. A large, immersive display environment where

projectors display images on the walls, floor, and ceiling, surrounding the user in a virtual

world. viii

CNN Convolutional Neural Network. A deep learning algorithm commonly used for image

recognition and processing. viii

CoV Cone of Vision. A visualisation technique that displays the area where a user is most

likely focusing their attention based on head movements. viii

CSCW Computer-Supported Cooperative Work. A field of study that focuses on how com-

puter technology can support collaborative activities and social interactions. viii

CVE Collaborative Virtual Environment. A virtual space where multiple users can interact

and collaborate in real-time. viii

deictic Relating to or denoting a word or expression whose meaning is dependent on the

context in which it is used (e.g., here, you, me, that one there). viii

EDA Exploratory Data Analysis. An approach to analyzing data sets to summarise their main

characteristics, often with visual methods. viii

egocentric Centered on or from the perspective of the individual. In VR, an egocentric view

shows the virtual world from the user’s own perspective. viii

explicit Clearly stated or defined; leaving no room for confusion or doubt. In the context of

referring expressions, it means that the referent is directly named or identified. viii

eye-gaze The direction in which the eyes are looking. viii

eye-tracking The process of measuring eye movements and gaze direction, typically using

specialized cameras or sensors. viii

f1-score The harmonic mean of precision and recall, used to evaluate the performance of a

classification model. viii

vii



fixation A period of time during which the eyes remain relatively still on a particular point

in space. viii

FoV Field of View. The extent of the observable world that is seen at any given moment. viii

HCI Human-Computer Interaction. The study of how people interact with computers and the

design of computer systems that are easy and enjoyable to use. viii

HMD Head-Mounted Display. A device worn on the head that presents visual information to

the user, often used in VR and AR systems. viii

ICVE Immersive Collaborative Virtual Environment. A virtual environment that supports

collaboration and interaction among multiple users in an immersive setting. viii

iso-contour A line on a map or chart connecting points of equal value. viii

iso-hypes Contour lines on a map representing points of equal elevation. viii

LTR Left-to-Right. Refers to the direction in which text is written and read in many languages.

viii

MGF Multivariate Gaussian Fitting. A statistical method used to fit a multivariate Gaussian

distribution to a set of data points. viii

MLP Multi-Layer Perceptron. A type of artificial neural network with multiple layers of

interconnected nodes, used for various machine learning tasks. viii

MR Mixed Reality. A technology that blends the real and virtual worlds, allowing users to

interact with both physical and digital objects. viii
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Chapter 1

Introduction

1.1 Summary

Virtual Reality (VR) has moved beyond its origins in entertainment and gaming into sectors

such as education [1], healthcare [2], and manufacturing [3, 4], where it enhances spatial under-

standing and memory retention. It is now increasingly adopted for knowledge work: companies

such as Apple position devices like the Vision Pro [5] as productivity tools, and market fore-

casts predict substantial workplace uptake [6]. Academic research highlights portable virtual

offices as productivity enhancers that provide extensive screen “real estate” [7, 8] and align

with flexible working styles, including commuting and remote work [9, 10].

VR environments can replicate verbal and non-verbal cues essential in traditional collabo-

ration settings—such as gestures, facial expressions, and eye contact [11, 12, 13]—and can

augment these cues by leveraging user-facing sensors such as eye-tracking, face cameras [14],

or body-facing cameras that capture and reconstruct user movements [15]. However, the mar-

ket is dominated by affordable, untethered headsets that lack eye-tracking [16], restricting the

transmission of precise visual attention cues that are critical for mutual awareness and shared

understanding in collaborative environments [17, 18, 19].

Yet the challenge extends beyond the mere absence of sensors. Even when eye-tracking is

1



1.1. Summary 2

available, raw gaze data is not a perfect proxy for user intent [20, 21]. Effective alignment during

collaboration depends on cognitive attention—what a partner is thinking about and referring

to—rather than just visual attention, which only indicates where their eyes are pointed [22, 23].

Visual attention is noisy: gaze can be drawn reflexively to motion or brightness [24, 25, 26],

attention shifts between broad scene-level context and narrow detail [27, 28], and cognitive

attention may decouple from visual gaze entirely—for example, when a user looks at one object

while mentally referring to another element seen previously [29, 30, 31, 32]. Consequently,

simply displaying a raw gaze cursor (even if hardware permitted) is not sufficient; collaborative

attention cues must filter noise, adapt their spatial scale, and respect user agency.

To address both the hardware limitations of low-cost devices and the conceptual need for

cognitively aligned cues, this thesis adopts a complementary reconstruction approach. Modern

XR systems can capture multiple naturally occurring signals related to attention: head motion

provides a broad, low-resolution indication of attentional direction, while verbal communication

adds a semantic layer, revealing referential intent through spoken keywords and descriptions.

Core Hypothesis: This thesis posits that naturally occurring collaborative behaviours, specif-

ically head movement and verbal communication, can be leveraged as implicit inputs to recon-

struct and display users’ attention.

This thesis operationalises the principle of complementary reconstruction through three pro-

gressive contributions. First, I establish Head Orientation as a foundational proxy for broad

awareness via the Cone-of-Vision (CoV) (Chapter 3), a probabilistic visualisation that filters

reflexive noise and reduces clutter compared to traditional head based visual cues. Second,

I refine this signal with a Deep Learning Model (Chapter 4) that reduces spatial ambiguity

without the computational overhead of full gaze tracking. Third, I integrate Verbal Commu-

nication (Chapter 5) to achieve dynamic adaptation: the Speech-Augmented CoV scales focus

from broad awareness to specific targets in real-time, effectively reconstructing the narrowing

of cognitive attention. Together, these methods form a hardware-independent framework that

enhances mutual awareness across the full spectrum of XR devices, narrowing the gap between

raw sensors and cognitive attention representation.
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1.1.1 Spatial Productivity and Visual Attention Cues

The XR landscape is defined by staggering investment, with major players pouring billions into

infrastructure to position spatial computing not just as an entertainment medium, but as a

critical platform for knowledge work [16, 5]. To realize this vision, XR is evolving from immer-

sive simulation into Cross-Virtuality Analytics (XVA), where physical monitors are replaced by

dense arrangements of 2D virtual screens tailored for complex data analysis [33, 34]. In these

information-rich environments, the ambition extends beyond merely replicating physical office

mechanics to augmenting human collaboration [35, 36]. However, unlike traditional co-located

work where gaze and gesture naturally align, XVA environments require explicit digital cues to

support the high-fidelity coordination needed for complex knowledge work.

To fulfil the promise of a hyper-productive virtual workspace, systems must transcend sen-

sor replication to reconstruct the higher-order cognitive state of “seeing.” This distinction is

paramount because mutual awareness of attention serves as the primary coordination mech-

anism in collaborative work, enabling teams to establish common ground and anticipate ac-

tions [17, 19]. Yet, bridging the critical gap between raw gaze data—where a user looks—and

their actual communicative intent remains an unresolved challenge [36, 37].

Current XR collaboration relies on two primary cues to support this awareness, but both face

limitations within these dense XVA settings. Gaze cursors offer precision for referencing specific

targets but suffer from high-frequency sensory noise (jitter) and calibration drift, often over-

signalling micro-saccades rather than stable intent [36, 38]. Alternatively, Field-of-View (FoV)

visualisations approximate attention from head orientation, providing a vital fallback for low-

cost, eye-tracker-less headsets [39, 40]. However, standard FoV frustums are often too coarse to

disambiguate specific data elements on 2D screens and lack the bi-directional feedback required

for users to monitor their own communicative intent [41, 42]. Consequently, current cues tend

to be either overly erratic (gaze) or overly vague (head).
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1.1.2 The Dual Challenge

Despite the promise of spatial productivity, immersive collaboration in XR is constrained by a

dual challenge:

The Hardware Challenge (The Absent Signal): A significant barrier remains for the

widespread realisation of this vision: the hardware limitations of mass-market devices. Low-

cost VR devices face significant limitations, primarily due to the absence of advanced user-facing

sensors such as eye-tracking, which is costly [43, 44]. Devices such as the Oculus Quest dominate

the market due to their affordability [16]. This hardware gap creates a form of “interaction

blindness”; without sensor data to drive gaze, the system strips away the subtle, continuous

visual cues that human collaborators rely on to establish mutual awareness. Mutual awareness

of visual focus plays a vital role in effective collaboration, as it helps team members to establish

a shared understanding and thus coordinate their actions [17, 18, 45, 36, 46]. As a result, users

are forced to compensate for this missing non-verbal signal through explicit verbal descriptions

of their focus, increasing communicative effort and disrupting the low-friction coordination

characteristic of face-to-face collaboration [37].

The Conceptual Challenge (Looking ̸= Seeing): Yet, the challenge extends beyond

the mere absence of sensors. Even when eye-tracking is available, raw gaze data is not always

a perfect proxy for user intent [20, 21]. In immersive collaboration, effective communication

relies on understanding a partner’s cognitive attention, which reflects their thoughts, rather

than merely tracking their visual attention, which only indicates where their eyes are phys-

ically pointed [22, 23]. Visual attention is noisy; gaze can be drawn reflexively to motion

or brightness [24, 25, 26]. Moreover, attention is dynamic in scale, fluctuating between a

’global’ scope—encompassing the broader scene context—and a ’narrow’ focus on specific de-

tails [27, 28]. A raw gaze point fails to capture this variability, often misrepresenting broader

contextual awareness as precise focus. Furthermore, cognitive attention may decouple from

visual gaze entirely; for instance, a user might look at one object while mentally referring

to another element seen previously [29, 30, 31]. This decoupling is especially relevant during

collaboration, where shared understanding depends on what is being mentally referenced [32].
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1.1.3 The Principle of Complementary Reconstruction

Taken together, these constraints create a tension for which the solution is to transcend the

availability of the raw sensor and reason directly on the reconstruction of the higher-order

cognitive state of “seeing.”—inferring communicative intent from the noisy, multimodal signals

that remain available.

In this thesis, I propose a shift in the way attention in XR is approached, which I term the

Principle of Complementary Reconstruction. Rather than defining attention solely by where

the eyes are pointed, this principle leverages the multi-modal nature of collaborative communi-

cation. When humans collaborate, they generate a redundant trail of clues across behavioural

channels of varying specificity (gaze, head, speech) that are temporally coupled by cognitive

intent and physically grounded in the semantic layout of the virtual world. The availability of

a subset of these signals enables the system to reconstruct the others.

The Redundancy of Intent: Collaborative signals are rarely isolated. Head orientation pro-

vides spatial redundancy for gaze due to physiological synergy [47, 48]. When eye-tracking is

absent, the head serves as a viable, albeit diluted, proxy for communicative intent [49, 41].

The Hierarchy of Specificity: Signals operate at varying resolutions. Head orientation es-

tablishes broad awareness [40], while speech enables precise selection [13]. Accuracy is achieved

not by a single sensor, but by layering low-precision signals (head) with high-precision semantic

filters (speech).

Cognitive Coupling: Visual and verbal behaviours are driven by a shared cognitive state [17].

During perceptual decoupling, where gaze diverges from thought [30], speech remains a robust

anchor for maintaining the validity of the attentional cue [50].

Contextual Grounding: Attention targets meaningful elements. Reconstructing intent re-

quires intersecting behavioural vectors with a semantically segmented context to resolve ambi-

guity. Just as gaze is drawn to informative features [51, 52], referring expressions rely on spatial

context to convey meaning [11, 12].
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1.2 Research Objectives

Building on the dual challenge and the Principle of Complementary Reconstruction, this thesis

is organised around three research objectives, which Together form an end-to-end pipeline:

deriving attention from available behavioural signals, externalising it as usable visual cues, and

testing whether those cues actually support collaboration.

Objective 1 – Reconstruct Visual Attention (The Inference Problem) The first ob-

jective addresses the inference problem: developing methods to reconstruct visual attention

in real time using only accessible signals (head tracking, microphones) on low-cost headsets.

As discussed in Section 2.4.1, most consumer devices lack eye-tracking, while existing infer-

ence models are often too imprecise for dense 2D data or computationally heavy for mobile

processors (Section 2.5.5, Section 2.5.6).

Objective 2 – Display Cognitive Attention (The Representation Problem) The second

objective addresses the representation problem: transforming inferred attention into visual cues

that reflect cognitive intent rather than raw sensor data. As detailed in Section 2.5.2, raw gaze

is noisy and prone to decoupling, while traditional FoV visualisations often lack the specificity

required for 2D-in-VR screens (Section 2.5.4, Section 2.5.1). This objective therefore seeks

to design adaptive representations that filter noise, dynamically scale to match the locus of

attention, and remain informative even when visual and cognitive focus diverge.

Objective 3 – Evaluate Collaborative Impact (The Validation) The third objective

addresses the validation problem by evaluating the impact of these methods on collaboration,

user experience, and task efficiency through empirical studies. Building on prior work iden-

tifying mutual awareness as critical (Section 2.2) and gaps in FoV evaluation (Section 2.5.1,

Section 2.5.3), this objective uses systematic user studies to test the central claim that multi-

modal, hardware-independent cues can effectively compensate for the lack of eye tracking on

low-cost devices.
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1.3 Contributions

This thesis advances the field of collaborative VR in two ways. First, it develops novel methods

to infer and display visual attention, enhancing mutual awareness and communication among

users. Second, it investigates the impact of FoV-style visualisations on collaboration dynamics

in productivity scenarios. Additionally, it contributes valuable resources for future research in

immersive environments. The key contributions are:

1.3.1 Investigating FoV-style Visualisations effects on Collaboration

Dynamics in Productivity Scenarios

1.3.1.1 FoV-style Visualisation effects on Collaboration Dynamics

To investigate the efficacy of head-based signals as a proxy for attention, I conducted ex-

ploratory studies in the context of collaborative productivity tasks focused on the analysis of

2D data visualisations in a virtual office environment. The results revealed a reduction in

self-reported cognitive load when FoV-style visualisations were present. This reduction was

attributed to participants’ improved ability to align broad visual attention without relying

heavily on verbal communication or interpreting collaborator avatars. Furthermore, FoV-style

visualisations facilitated smoother transitions between independent and collaborative phases

and reduced ambiguity in relation to collaborators’ focus and direction. These findings provide

insights into how showing users FoV-style visualisations in a productivity environment affects

collaboration dynamics. This contribution addresses the gap regarding bi-directional FoV-style

visualisations in collaborative VR (Section 2.5.1).

1.3.1.2 A comparison of Mono-directional and Bi-directional FoV-style Visualisa-

tion effects on Collaboration Dynamics

Traditional FoV-style visualisations are typically displayed only to collaborators and not to

the person generating the cue, as they are already aware of the direction of their own head.



1.3. Contributions 8

This thesis investigates the impact of self-awareness of FoV-style visualisations by comparing

mono-directional and bi-directional FoV-style visualisations. The results showed that the bi-

directional FoV improved mutual awareness of visual attention and visual attention coupling,

reduced reliance on collaborator avatars for understanding visual focus, and led to better pac-

ing during collaboration. Participants were able to switch from independent to collaborative

work more efficiently, and the bi-directional FoV condition resulted in reduced cognitive load

as measured by the NASA TLX. These findings provide insights into how showing users their

own visual focus affects collaboration dynamics, highlighting how self-awareness acts as a feed-

back mechanism for attention containment. This contribution addresses the gap regarding

bi-directional FoV-style visualisations in collaborative VR (Section 2.5.3).

1.3.2 Developing Novel Methods to Infer and Visualise Visual At-

tention

1.3.2.1 Cone of Vision as a Novel Method to Infer and Display Visual Attention

This thesis introduces the ”Cone of Vision” (CoV), a novel FoV-style visualisation technique

specifically designed for 2D content displayed within VR environments (Chapter 3). Serving as

the foundation for broad visual awareness, the CoV 2D visualisation provides a two-dimensional

representation tailored for 2D screens embedded in VR environments, unlike traditional 3D FoV

frustums. The CoV is visualised only at the intersection with the 2D surface. This approach is

better suited for 2D panels or VR screens as compared to previous FoV techniques that display

the field of view volume or wireframe, effectively causing occlusion with the display data. The

geometry of the CoV is derived and validated from datasets of eye tracking data and represents

a narrower area of focus (i.e., the probabilistic area where visual attention is more likely to

be) compared to the traditional field of view, providing a probabilistic visualisation of visual

attention that filters out high-frequency noise. This approach is particularly suitable for 2D

panels or VR screens, offering more specificity than previous FoV techniques that displayed

a broader, less focused area and avoiding occlusions from the visualized volume or wireframe.
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This contribution directly addresses the lack of tailored FoV-style visualisations for VR screens

displaying 2D content in symmetric collaborative settings (Section 2.5.1).

1.3.2.2 A Real-Time Deep Learning Model for Probabilistic Refinement

The thesis introduces a computationally efficient deep-learning model that predicts gaze proba-

bility regions based on head movement data (Chapter 4). Instead of pinpointing an exact gaze

location, the model generates a probability density function (PDF) identifying the most likely

gaze regions, which are visualised as percentile contours. Predicting gaze probability regions

refines the coarse head signal provided by the standard CoV, addressing the inherent inac-

curacies of using head orientation to infer gaze, especially in environments with high-density

information. When trying to infer gaze with head movements alone, small prediction errors can

result in pointing at entirely different objects, leading to confusion during collaboration. By

predicting a region rather than a specific point, the model manages the trade-off between spatial

ambiguity and precision, providing a more reliable indication of visual focus. This approach en-

hances the usability of XR environments, particularly when fine-grained eye movement tracking

is not available in low-cost VR headsets. By utilising head orientation and rotational veloc-

ity as primary inputs this model operates in real-time, even on low-power devices, making it

particularly suitable for untethered and low-cost VR headsets. This contribution addresses the

gaps in real-time gaze inference for untethered devices and improves precision in gaze prediction

models (Section 2.5.5 and Section 2.5.6).

1.3.2.3 Speech-Augmented CoV for Dynamic Adaptation and Semantic Precision

The thesis explored the integration of verbal communication with the CoV, dynamically refining

its focus based on spoken cues to improve the specificity and accuracy of visual attention

representation (Chapter 5). This method enhances the effectiveness of the CoV by incorporating

speech cues, allowing the visualisation to scale dynamically from a broad scene-level view to

an object-level focus. This contribution directly addresses the lack of dynamic representations
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for cognitive attention (Section 2.5.2) by mimicking the ”zoom lens” of attention, while also

resolving the gap in specificity of FoV-style visualisations (Section 2.5.4).

Integration of Verbal Communication to Enhance Gaze Prediction: Explored the in-

tegration of verbal communication to further enhance gaze prediction accuracy and reconstruct

cognitive attention. By interpreting referring expressions from collaborative conversations, this

approach leverages the natural link between verbal communication and visual attention. For

example, during collaborative tasks, when a user says ”check the user engagement metrics,”

the system correlates this verbal input with elements within the user’s field of view, enabling a

more informed prediction of the user’s gaze. This method is particularly beneficial in scenarios

involving data analysis. In collaborative data visualisation tasks, such as exploratory data anal-

ysis in VR, participants often use verbal references to describe specific data points or trends,

which helps direct collaborators’ attention to relevant aspects of the visualisation. This ap-

proach offers a more accurate approximation of the user’s gaze as compared to traditional head

gaze methods, particularly in multi-user XR environments. This contribution helps to enhance

the specificity of gaze inference by incorporating additional verbal cues, thereby addressing the

issues related to gaze specificity and the inaccuracy of current models (Section 2.5.5). Fur-

thermore, particularly in cases where verbal communication does not match visual attention,

it is utilised as a semantic proxy for cognitive attention; by grounding the visual cue in spo-

ken referents, the system allows the representation to scale dynamically and maintain validity

during gaze aversion, thereby directly addressing the limitations of static scale and decoupling

identified in Section 2.5.2.

1.3.3 Contributing Resources for Future Research

Released the first collaborative dataset that includes head movements, eye gaze, transcribed

verbal communication, and semantically segmented context during VR collaboration1. This

dataset provides valuable insights into the interplay between visual and verbal cues during

joint attention and serves as a foundation for training multimodal inference models. It is an

1https://github.com/Collaborative-Immersive-Visual-Toolkit/Speech-Gaze-Head-Datatset

https://github.com/Collaborative-Immersive-Visual-Toolkit/Speech-Gaze-Head-Datatset
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important resource for researchers studying collaborative behaviour in immersive environments.

This contribution addresses the gap in publicly available datasets that combine head, eye, and

verbal behaviour data for collaborative VR settings, facilitating future research in this area.

1.4 Thesis Structure

1.4.1 Chapter 2 — Literature Review

Chapter 2 presents a comprehensive Literature Review on the coordination of visual attention,

verbal communication, and pointing-based gestures in collaborative environments. It examines

how these elements function independently and interdependently in both co-located and remote

collaboration. It reviews the evolution of XVA environments and the complementary roles of

visual, verbal, and non-verbal cues in enhancing communication. The review also identifies

several gaps in the existing literature, particularly in leveraging these modalities to enhance

collaboration in XR environments, which this thesis aims to address.

1.4.2 Chapter 3 — Cone of Vision

In Chapter 3, I introduce the ”Cone of Vision” (CoV), a novel Field-of-View (FoV) visualisation

technique for 2D screens in VR. Unlike previous methods which focused primarily on 3D envi-

ronments and were mono-directional, the CoV provides a bi-directional visualisation of visual

attention, enhancing mutual awareness (Section 2.5.3). By estimating attention based on head

movements, the CoV supports effective collaboration in scenarios where eye-tracking technology

is unavailable, particularly in 2D-in-VR applications (Section 2.5.1). Empirical studies demon-

strate that the CoV improves collaboration by supporting mutual awareness (Section 3.3),

with bi-directional FoV-style visualisations fostering better communication compared to mono-

directional ones (Section 3.3.2). This chapter showcases an accessible solution for enhancing

collaboration in immersive VR without the need for specialised hardware.
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1.4.3 Chapter 4 — Real-Time Deep Learning Model for Gaze Prob-

ability Regions

In Chapter 4, introduces a real-time deep learning model that uses head movements to infer gaze

probability regions in VR. Current methods for gaze inference often lack precision (Section 2.5.5)

and are resource-intensive for low-cost head-mounted displays (Section 2.5.6). Our proposed

model addresses these issues by analysing head movement data to generate a probability density

function of gaze, which enhances the accuracy of visual attention inference. The model employs

an autoencoder for probability density generation (Section 4.1.4.1) and a contour encoder for

real-time inference (Section 4.1.4.4). Results show improved gaze prediction accuracy compared

to head-based baselines, offering a nuanced understanding of visual attention in improving

collaboration in VR, especially in settings without eye-tracking technology.

1.4.4 Chapter 5 — Speech-Augmented Cone of Vision

In Chapter 5, I introduce the ”Speech-Augmented Cone of Vision” (CoV+Speech), which com-

bines head orientation with speech to refine the representation of visual attention in VR. Exist-

ing visualisations, such as FoV and gaze-based methods, have limitations, including ambiguity

and distraction due to natural eye behaviour (Section 2.5.4). CoV+Speech addresses these

gaps by dynamically adjusting the CoV to highlight spoken referents, thereby enhancing mu-

tual awareness and improving collaboration. Empirical studies show that CoV+Speech offers

more precise visual attention representation and influences gaze behaviour by encouraging users

to focus within the visualized region (Section 2.2.3). This approach leverages natural verbal

behaviours as an input for gaze inference, where referring expressions enhance visual attention

inference in immersive environments.

1.4.5 Chapter 6 — Conclusion

In Chapter 6, this thesis concludes by summarising its contributions in enhancing collaboration

and gaze inference in XR environments through novel gaze inference and visualisation methods.
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It reflects on the incremental development of techniques introduced across the preceding chap-

ters, emphasising their role in improving mutual awareness and gaze inference in immersive

settings. The chapter also explores the broader impact and implications of these findings on

XR applications beyond virtual offices, including education, healthcare, and creative industries.

Finally, it outlines limitations and future directions, identifying key areas for refinement, such

as integrating multi-modal attention cues, scaling CoV visualisations for larger groups, and

extending its applicability to complex 3D environments.

1.5 Contributing Papers

The primary contributions of this thesis are grounded in the following peer-reviewed papers,

which have been accepted and published in reputable, high-impact venues.

Cone of vision as a behavioural cue for VR collaboration

Riccardo Bovo, Daniele Giunchi, Muna Alebri, Anthony Steed, Enrico Costanza, and Thomas

Heinis. Cone of vision as a behavioural cue for vr collaboration. In Proceedings of the ACM on

Human-Computer Interaction (CSCW), 2022. doi: 10.1145/3555615

Real-time head-based deep-learning model for gaze probability regions in collabo-

rative VR

Riccardo Bovo, Daniele Giunchi, Ludwig Sidenmark, Hans Gellersen, Enrico Costanza, and

Thomas Heinis. Real-time head-based deep-learning model for gaze probability regions in

collaborative vr. In Proceedings of the Eye Tracking Research and Applications Symposium

(ETRA), 2022. doi: 10.1145/3517031.3529642

Speech-augmented Cone-of-Vision for exploratory data analysis

Riccardo Bovo, Daniele Giunchi, Ludwig Sidenmark, Joshua Newn, Hans Gellersen, Enrico

Costanza, and Thomas Heinis. Speech-augmented cone-of-vision for exploratory data analysis.

In Proceedings of the Conference on Human Factors in Computing Systems (CHI), 2023. doi:
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10.1145/3544548.3581283

1.5.1 Other papers authored and co-authored during this PhD

In addition to the papers contributing to this thesis highlighted earlier, during my PhD, I was

fortunate to author and co-author several other papers that explored related aspects of VR

technology.

Papers that contributed to the field of VR collaboration dynamics:

Shall I Describe it or Shall I Move Closer? Verbal references and locomotion in

VR collaborative search tasks

Riccardo Bovo, Daniele Giunchi, Enrico Costanza, Anthony Steed, and Thomas Heinis. Shall

i describe it or shall i move closer? verbal references and locomotion in vr collaborative search

tasks. In Proceedings of 20th European Conference on Computer-Supported Cooperative Work.

European Society for Socially Embedded Technologies (EUSSET), 2022

Papers that contributed to the field of VR interfaces for knowledge workers, specifically focusing

on integrating traditional 2D desktop applications into immersive environments:

EmBARDiment: an Embodied AI Agent for Productivity in XR

Riccardo Bovo, Steven Abreu, Karan Ahuja, Eric J. Gonzalez, Li-Te Cheng, and Mar Gonzalez-

Franco. Embardiment: An embodied ai agent for productivity in xr. arXiv preprint arXiv:2408.08158,

2024. doi: 10.48550/arXiv.2408.08158

Streamspace: A Framework for Window Streaming in Collaborative Mixed Reality

Environments

Daniele Giunchi, Riccardo Bovo, Nels Numan, and Anthony Steed. Streamspace: A framework

for window streaming in collaborative mixed reality environments. In Proceedings of the IEEE

Conference on Virtual Reality and 3D User Interfaces Abstracts and Workshops (IEEEVR),

2024
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WindowMirror: an opensource toolkit to bring interactive multi-window views into

XR

Riccardo Bovo, Eric J. Gonzalez, Li-Te Cheng, and Mar Gonzalez-Franco. Windowmirror: An

open-source toolkit to bring interactive multi-window views into xr. In Proceedings of the IEEE

Conference on Virtual Reality and 3D User Interfaces Abstracts and Workshops (IEEEVR),

2024

EmBARDiment: an Embodied AI Agent for Productivity in XR

Riccardo Bovo, Steven Abreu, Karan Ahuja, Eric J. Gonzalez, Li-Te Cheng, and Mar Gonzalez-

Franco. Embardiment: An embodied ai agent for productivity in xr. arXiv preprint arXiv:2408.08158,

2024. doi: 10.48550/arXiv.2408.08158

Browsing Internet Content in Multiple Dimensions.

Tiger Cross, Riccardo Bovo, and Thomas Heinis. Browsing internet content in multiple dimen-

sions. In Proceedings of the EDBT/ICDT Workshops, 2021

Papers that contributed to the field of pedestrian simulation in VR:

Perceived realism of pedestrian crowd trajectories in VR

Daniele Giunchi, Riccardo Bovo, Panayiotis Charalambous, Fotis Liarokapis, Alastair Shipman,

Stuart James, Anthony Steed, and Thomas Heinis. Perceived realism of pedestrian crowds

trajectories in vr. In Proceedings of the 27th ACM Symposium on Virtual Reality Software and

Technology (VRST), 2021

VR Toolkit for Identifying Group Characteristics

Hugo Mayo, Alastair Shipman, Daniele Giunchi, Riccardo Bovo, Anthony Steed, and Thomas

Heinis. Vr toolkit for identifying group characteristics. Collective Dynamics, 2021



Chapter 2

Literature Review

This chapter provides a comprehensive review of the literature on the coordination of visual

attention, verbal communication, and pointing-based gestures in collaborative environments. It

examines how these elements function both independently and interdependently in co-located

and remote collaboration, highlighting their complementary roles in enhancing communica-

tion and coordination. The review begins by discussing the evolution of XVA environments

(Section 2.1), particularly focusing on their adaptation for 2D content as a replacement for

physical screens. These environments have become crucial in supporting collaboration and

data visualisation within multi-purpose applications, laying a robust foundation for their use in

modern hybrid work settings. Understanding XVA environments is essential as they represent

the application context for the contributions proposed in this thesis.

Following this, the chapter explores the complementary nature of visual and verbal commu-

nication, along with non-verbal cues. Section 2.2 examines visual attention in collaboration,

highlighting joint attention as a key factor in shared understanding. The discussion then shifts

to the interaction between verbal communication and visual attention (Section 2.2.6), exam-

ining how each influences the other to enhance collaborative effectiveness. Finally, the role

of non-verbal communication, particularly pointing gestures (Section 2.3), is analysed to illus-

trate how gestures during collaboration can impact both visual attention and verbal exchanges.

These sections will cover both the theoretical foundations and practical applications of these

16
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interactions as explored in the literature.

Crucially, this chapter identifies several gaps in the existing literature that this thesis aims to

address (Section 2.5). Through this exploration, the chapter lays the groundwork for under-

standing how visual attention, verbal communication, and non-verbal cues can be leveraged as

implicit inputs to enhance human-human collaboration within XR environments.

2.1 Evolution of XVA Environments

The rapid advancement of VR and XR technologies has significantly reshaped the approach

to collaborative work and data analysis. These immersive technologies have paved the way for

XVA, which integrates data analytics across the reality-virtuality continuum, allowing users

to interact with data and collaborate effectively in both physical and virtual environments.

This section will delve into the specific emergence of XVA tailored for 2D content, examining

how these technologies have evolved to support collaboration and data visualisation within

standard multi-purpose applications, providing a robust foundation for their application in

modern hybrid work settings.

2.1.1 The Emergence of XVA Tailored for 2D Content

XVA can support users simultaneously via collaborative interfaces encompassing the real-

ity–virtuality continuum Fröhler et al. [33] and has been adopted by a large set of works [41, 63,

64, 65, 66, 67, 68, 34]. XVA has recently gained interest from researchers due to the COVID

pandemic, driven by the increase in demand for remote working and collaboration. In this

context, VR facilitates portable, personalised working environments that can be used at home,

on the go, or in hybrid setups with standard screens [69, 70, 71]. While some of the XVAs

are tailored for specific 3D data applications [63, 67, 65], there is a growing trend to support

2D content, which is cross-compatible with the standard multi-purpose applications available

on desktop PCs [72, 66, 34, 73, 74, 75]. This approach is also followed by commercial applica-
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tions [76, 77, 78, 79, 80, 81], which either enable the display of standard 2D documents (e.g.,

web pages, calendar layout, office documents) or capture arbitrary 2D windows from a desktop

PC and display them as a 2D surface in the virtual environment. Such software allows users to

set up their own layout of 2D windows in the 3D environment (Figure 5.3 a) and b)), which is

a problem that previous XVA studies have explored (Figure 5.3 c) and d)).

2.1.2 2D Screen Layouts for XVA

Environment configuration and the positioning and orientation of 2D panels can be arranged

in different ways in an immersive virtual scenario. Such setups may influence participants’

perceptions, impacting both the sense-making process and collaboration.

Previous works related to HMD headsets for supporting everyday computing tasks with desks

and keyboards have opted for retaining a cylindrical display layout similar to that found on

physical working desktops, shaped according to the ergonomic mechanics of the eyes and

head [74, 75]. This semi-cylindrical layout approach is also used by applications such as Oculus

Infinite Office [82] and has been explored in AR studies such as in Pavanatto et al. [75], McGill

et al. [74]. The work of Google Daydream, when introducing the virtual screen concept, ex-

ploited the idea of screens within a cylindrical contour, providing a less claustrophobic feeling

and an improved parallax effect [83].

On the other hand, Hybrid Reality environments for immersive data analysis, such as those

used by Cavallo et al. [84] and Febretti et al. [85], utilise a more cylindrical layout in which

screens might completely surround users. In these hybrid environments, the size of the physical

space may limit the virtual environment. For example, the environment used by Lee et al. [66]

is limited by the physical space available (which is estimated to be a 3m x 3m square room),

while the Hybrid Reality Environment for Collaborative Information Analysis used by Cavallo

et al. [84] spans a circle with a 5m radius, and the environment used by Febretti et al. [85] spans

a 6m radius. Despite the variance in the size of collaborative environments, they all adhere to

a similar approach where 2D screens define the walls/boundaries of the environments.
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This approach is consistent with the findings of Satriadi et al. [34] and Lee et al. [66]. Satriadi

et al. [34] highlight how users arrange the layout of 2D surfaces in 3D space, with findings

showing a preference for semi-spherical and spherical layouts. Further studies by Lee et al. [66]

highlight considerations related to the placement of 2D VR screens in 3D space when collabo-

rating with other users. They suggest that, when 2D visualisations are placed for collaboration

purposes, participants neatly arrange them on the walls of the virtual environments, making the

2D screen content easily visible to others. Moreover, they show that participants can effectively

present their visualisations to others when this wall layout is used.

Both cylindrical and semi-cylindrical layouts adhere to these requirements and, in this thesis,

both configurations are explored. In the first experiment (Chapter 3), the virtual environment

was designed to match the same size and circular shape (3m radius) as the Hybrid Reality

Environment described by Cavallo et al. [84] and Febretti et al. [85], as shown in Figure 3.3.

Without being limited by physical space, this design choice ensured consistency with prior

work. Although Satriadi et al. [34] describe the layout as spherical, due to the increase in size

caused by the collaborative context, the spherical curvature can be approximated to a cylinder.

In the second study (Chapter 5), a semi-cylindrical layout is used, one which is more in line

with users constrained in a sitting position, fixed by a desk or a keyboard, as highlighted in

studies by McGill et al. [74] and Pavanatto et al. [75].

2.2 Mutual Awareness of Visual Attention in Collabo-

rative Work

Visual attention plays a vital role in collaborative work by enabling team members to develop

a shared understanding and coordinate their actions. The ability to perceive where others are

focusing their attention is crucial for effective teamwork, often leading to synchronised gaze

behaviour where collaborators observe the same elements within a shared environment.

This section explores the importance of visual attention in collaboration, focusing on mutual
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gaze awareness, synchronised gaze behaviour, and their impact on collaboration quality (Sec-

tion 2.2.1). It then examines XR visual attention cues, such as gaze cursors and field of view

(FoV) visualisations (Section 2.2.2). Next, the section discusses the impact of self-awareness of

visual attention in XR and how it influences coordination and task performance (Section 2.2.3).

Finally, it examines how joint attention, measured via eye or head gaze, is considered a key

indicator of collaboration quality when assessed through either gaze tracking or head direction

(Section 2.2.4).

2.2.1 Mutual awareness of visual attention during collaboration

When people collaborate in immersive spaces (other in-person or virtual environments), their

gaze behaviours often become synchronised or coordinated. This means that they tend to look

at the same things or follow similar visual patterns, which helps them to understand each other

better and work together more effectively. This is explained by the fact that environments or

tasks people are engaged in during collaboration provide shared visual information which is

explored synchronously. For example, if two people are working on a computer together, the

screen becomes a shared visual context that influences their gaze behaviour.

Research has shown that synergies in gaze behaviour correlate with performances by fostering

mutual understanding, reducing misunderstandings, and enhancing collaborative efficiency. For

instance, Vrzakova et al. utilised recurrence quantification analysis (RQA) to examine patterns

of visual attention in teams during collaborative problem-solving tasks. Their findings revealed

that synergies in gaze behaviour aligned with screen activity, and the number of synergies in

gaze behaviour directly correlated with team performance and the overall collaboration pro-

cess [17]. Similarly, in a pair-programming task, Villamor and Rodrigo demonstrated the critical

role of concurrent visual attention in achieving successful collaborative coding outcomes [18].

Expanding on this, Moulder et al. investigated visual attention synergies during collaborative

problem-solving, using RQA to quantify team-level gaze dynamics, which they found to be

predictive of task success [19].
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2.2.2 Visual Attention Cues in Collaborative VR

The ability of collaborators to be aware of where others are looking or focusing their attention

is crucial for effective collaboration because it helps individuals anticipate each other’s actions

and intentions. In AR and VR settings, tools such as gaze cursors (indicators showing where

someone is looking) are used to help collaborators understand each other’s focus.

Several studies have shown that visualising this attention can enhance teamwork by allowing

individuals to anticipate the intentions of others and increase mutual awareness [86, 87, 88, 89,

12]. In AR and VR settings, visualisations such as gaze cursors are commonly used and have

been extensively researched and have been proven to enhance collaboration [36, 90, 46, 91, 92].

However, modern VR equipment often lacks built-in eye-tracking capabilities. To address

this, several studies propose using field of view (FoV) visualisations as an approximation of

gaze [93, 39, 94, 95, 96, 41, 40] . These methods have demonstrated that FoV-style visualisations

can help collaborators establish mutual awareness and maintain shared attention [93, 41, 39,

94, 41, 36, 97]. Furthermore, Piumsomboon et al. suggested that these visualisations could be

dynamically displayed or hidden, depending on the context of collaboration, thereby minimising

visual clutter while maximising collaborative efficiency.

2.2.3 Self-Awareness of Visual Attention cues

In collaborative virtual environments, self-awareness plays a critical role in how individuals

coordinate their actions and interactions with others. Understanding one’s own visual atten-

tion cues—such as where one’s gaze is directed—can significantly influence the effectiveness of

teamwork and the smoothness of coordination. This subsection explores the concept of self-

awareness in VR settings, particularly focusing on how being conscious of one’s gaze and other

visual cues can enhance collaborative efforts.

Gaze behavioural cues have been explored in physical manipulation tasks in an MR setup

by Jing et al. [98]. This study is particularly notable for its bi-directional approach to gaze

visualisation, which is absent in studies implementing the FoV frustum visualisation (e.g., [41]).
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Their findings highlight how their visualisation increases gaze awareness and joint focus (i.e.,

visual coordination). In addition, they extend previous research by exploring the self-awareness

of visual cues. Such exploration leads to interesting outcomes, as they report that self-awareness

in gaze visualisations increased confidence and the certainty that their gaze location is being

accurately delivered.

2.2.4 Joint Attention as a Measure of Collaboration Quality

Joint attention, characterised by synchronised eye gaze and head direction, is a critical indicator

of collaboration quality [17, 18, 19]. The ideal measure of joint attention is through eye gaze

tracking, as it directly reveals where an individual’s focus lies and how it aligns with others.

However, in the absence of eye-tracking technology, head direction can serve as a viable proxy

for attention [49, 99, 100]. While head direction may not pinpoint the exact focus of attention as

precisely as eye gaze, it generally correlates with a person’s gaze direction and can be effectively

used to measure joint attention. This approach allows for the assessment of collaborative

quality, even in those environments where advanced eye-tracking equipment is not available.

2.2.5 The Disconnect Between Visual and Cognitive Attention

While eye-tracking is often regarded as the gold standard for attention inference in XR, a

significant body of research suggests that raw gaze data is an imperfect proxy for user intent.

In collaborative environments, effective coordination relies on joint attention a shared mental

focus on an object or task rather than merely shared gaze the physical intersection of visual

axes [101, 102]. Understanding the limitations of raw gaze is crucial for designing robust

collaborative cues. These limitations can be categorised into three theoretical disconnects:

sensory noise, scale mismatch, and perceptual decoupling.

Sensory Noise: Bottom-Up vs. Top-Down Attention: Visual attention is governed by a

competition between ’top-down’ goals (internal intent) and ’bottom-up’ saliency (external stim-

uli) [25]. Computational models of visual attention, such as the saliency map proposed by Itti
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and Koch, demonstrate that gaze is reflexively drawn to low-level features—such as high con-

trast, brightness, or motion—often before semantic processing occurs [24]. This phenomenon,

known as attentional capture, means that a user’s gaze may momentarily fixate on a distraction

(e.g., a flashing notification or moving avatar) even if their cognitive attention remains focused

on a static data point [26]. Consequently, raw gaze data contains high-frequency ’noise’.

Scale Mismatch: The Zoom Lens of Attention: A fundamental limitation of standard

eye-tracking cursors is their representation of attention as a single coordinate point (x, y). How-

ever, cognitive psychology posits that attention is dynamic in scale. The ’Zoom Lens’ model

suggests that the focus of attention can expand to encompass a global scene or contract to

scrutinise specific details [27]. Similarly, the ’Spotlight’ model argues that attention operates

over a spatial region rather than a dimensionless point [28]. By representing gaze as a precise

point, current XR systems often misrepresent instances of ’broad’ or ’global’ attention (e.g.,

scanning a dashboard layout) as specific, narrow focus. This variability suggests that region-

based visualisations, such as Field-of-View cones or probabilistic density maps, may offer a

more cognitively aligned representation of attention during tasks requiring broad situational

awareness.

Perceptual Decoupling and Gaze Aversion: Finally, visual gaze can decouple from cogni-

tive attention entirely. This phenomenon, often termed ’perceptual decoupling’, occurs during

states of internal cognitive processing, such as mind-wandering or complex problem-solving,

where the brain attenuates external sensory input [30, 29]. Research distinguishes between

externally directed cognition (EDC), where gaze aligns with the task, and internally directed

cognition (IDC), where users may stare blankly or actively avert their gaze to reduce cognitive

load [31]. For instance, Glenberg et al. demonstrated that individuals often look away from a

target (gaze aversion) when answering difficult questions to prevent visual interference [103]. In

collaborative XR, this implies that a user looking at a specific graph may actually be mentally

processing a previous data point or planning a future sentence. This decoupling highlights the

necessity of multimodal signals—such as verbal references—to disambiguate whether a user is

’looking’ or truly ’seeing’ [32].
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2.2.6 Verbal Communication in Collaborative Work:

Building on the idea of synchronised gaze behaviour in collaborative environments, this section

explores how verbal communication and visual attention interact and influence each other. In

immersive settings, whether in person or in virtual environments, the way individuals commu-

nicate verbally can significantly affect how they direct and share their visual focus. Verbal cues,

such as spoken references to visual elements, work together with the awareness of others’ visual

focus to enhance understanding and coordination within teams. The interplay between verbal

communication and visual attention is crucial in ensuring that team members are aligned and

engaged with the same elements of their shared environment.

This section delves into these dynamics, highlighting how verbal communication and visual

attention interact and influence each other (2.2.7). The discussion also extends to the evolution

and application of speech-to-text technologies as inputs for XR interactions, emphasising their

impact on user interaction (2.2.8).

2.2.7 Verbal Communication and Visual Attention During Collab-

oration

Verbal communication is essential in aligning and coordinating visual attention in collaborative

scenarios, both in person and within remote immersive environments like XR. For instance,

Pettersson et al. [13] identified strategies such as colour and size statements that collabora-

tors use to coordinate visual attention during collaborative map analysis on tabletop displays.

Similarly, Zagermann et al. [104] demonstrated that the size of tabletop displays influences

the interplay between verbal and visual communication, affecting how collaborators interact.

Furthermore, Stark et al. [105] emphasised the critical role of verbal communication in coor-

dinating decision-making within complex systems, highlighting its importance in collaborative

environments.

By effectively referencing visual elements, verbal communication helps maintain mutual aware-

ness and improves overall coordination through the use of referring expressions (REs). These
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expressions, which can be explicit or implicit, enable effective identification and understand-

ing of specific entities or objects within a given context. For instance, implicit REs, such as

pronouns, rely heavily on the surrounding context and visual cues to convey meaning without

explicitly naming the entities.

Visual cues, such as gaze, significantly enhance collaboration by clarifying these REs. Ishii and

Kobayashi [11] demonstrated that integrating visual attention cues with verbal communication

resolves ambiguities in spatial references, leading to more effective teamwork. Additionally,

Monk et al. [106] found that combining visual cues with verbal instructions reduces cognitive

load on collaborators, resulting in a smoother and more intuitive task flow.

Moreover, D’Angelo and Begel [12] explored how eye-gaze visualisations influence verbal com-

munication, particularly in remote pair programming. Her research measured the implicitness

and explicitness of spatial REs, finding that visual cues facilitate more implicit communication,

allowing collaborators to engage in simpler, more streamlined exchanges.

These studies collectively underscore the importance of verbal communication in enhancing

visual coordination and the impact that visual coordination has on communication. By explic-

itly referencing visualised elements, collaborators can achieve precise coordination and build a

shared understanding. This is crucial for effective teamwork in both physical and virtual en-

vironments. Conversely, relying on implicit references supported by visual attention awareness

allows for more efficient communication, thereby optimising the collaborative process.

2.2.8 Evolution of Speech-to-Text Technology and Its XR Imple-

mentations

The real-time conversion of speech to text has evolved significantly over the years. Early

speech-to-text systems faced limitations in accuracy and reliability, often requiring extensive

training and speaker-dependent models. Only in recent years have highly accurate models

emerged, enabling near-perfect real-time transcription. This advancement has had a profound

impact on various domains, including XR. Speech interfaces have been widely adopted in a
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wide variety of interactive contexts [107, 108, 109, 110, 111, 112, 113, 114, 115, 116]. Speech

interfaces present various challenges, including speech recognition, phrase interpretation, and

interaction. Speech interaction has been used in numerous works, and how the user interacts

is highly dependent on the task and the functionalities of the various released systems [117,

118, 119, 120, 121]. Speech interaction and XR met decades ago [122, 123, 124, 125] with

the implementation of multi-modal systems with two possible approaches: fully interactive

speech or ”command and control”. The first type was speaker-dependent because the variety

of words and sentences forced the user into a training phase called enrolment [126]. Before the

recent revolution of natural language processing (NLP), researchers adopted the paradigm of

the ’Wizard of Oz’ [127, 128, 129] to avoid the technical limitations of free-speech interfaces

for both the recognition and process phases. However, the command and control system was

speaker-independent, as the limited number of words to be converted into commands did not

require an enrolment stage. In particular, this approach presents advantages over keyboard

input or gesture input [130], as the last one necessitates practice. Further, the interaction style

derived from these two approaches originates from studies illustrating that vocabulary size can

impact interaction [131, 132] as well as the awareness with which a machine or human interprets

speech [133]. Given these advantages, speech interaction was experimented with in medicine

to treat social phobias [134], in civil engineering to help with architectural design [135], and

in dealing with the digital twins of complex machines such as airplanes [136]. With the advent

of more powerful deep-learning models for recognition and NLP, speaker-dependent systems

became obsolete, as various services [137, 138, 139, 140, 141] can receive and process audio

streaming that almost provides transcription in real-time.

2.3 Pointing-Based Communication in Collaborative Work

Non-verbal communication, particularly through gestures, complements verbal communication

by adding layers of meaning and context that significantly influence collaborative interactions.

In both face-to-face and virtual environments, non-verbal cues, such as pointing gestures and

body language, play a crucial role in directing visual attention and clarifying implicit references
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to visual elements (Section 2.3.1). A nuanced examination of proximal and distal pointing ges-

tures is presented, particularly within XR environments, where tools like virtual lasers and

avatar hands refine these dynamics (Section 2.3.2). Additionally, the impact of multi-modal

interaction—combining gestures with speech and gaze—is explored within its role in enhancing

communication and collaboration across both traditional and XR settings. Through a de-

tailed review of existing research, this section provides a comprehensive understanding of how

pointing-based communication can be leveraged to facilitate more effective collaborations.

2.3.1 Pointing Gestures During Collaboration

Non-verbal communication, such as pointing gestures in VR environments, also plays a critical

role in negotiating attention dynamics during collaboration. The use of gestures or gesture aids,

including laser pointers, helps to synchronise visual attention as well as clarify REs, thereby

enhancing overall collaboration efficiency. The integration of avatar hands enables pointing

gestures, as well as the ability to perform accurate distance pointing with a laser in XR, further

refines these dynamics, making collaboration more intuitive and effective. The absence of visual

attention awareness, the intricacy of a visual scene, and the challenge of verbally describing a

referent all serve as catalysts for using pointing gestures coupled with utterances, also known

as deictic expressions [37]. Pointing gestures have been extensively researched in the context of

immersive multi-modal conversations and are considered highly beneficial in facilitating referent

disambiguation [37].

In AR/VR, pointing gestures become even more effective due to the use of virtual lasers, which

enable users to specify the referent of a pointing gesture with greater accuracy [50]. Piumsom-

boon et al. explored MR collaboration and the benefits of providing virtual awareness cues, such

as pointing gestures, field of view, and eye gaze, revealing that these cues significantly enhance

user performance, usability, and subjective preferences [142]. Further, Bovo et al. demonstrated

that, when users encounter a referent that is difficult to describe verbally, they prefer to point

at it, even if it requires physical movement, rather than providing a verbal description [143].

The importance of pointing in collaborative VR environments is further underscored by several
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studies that have focused on improving the accuracy of pointing gestures. Techniques such

as warping or distorting deictic gestures have been proposed to enhance collaboration [144].

Additionally, Mayer et al. investigated the effects of offset correction and cursor feedback on

mid-air pointing in both real and virtual environments, suggesting that the subtle redirection

of a user’s arm embodiment to align with their gaze can significantly improve pointing accuracy

from an observer’s perspective [145].

2.3.2 Pointing Gestures and Proxemics

Pointing gestures can be categorised as either proximal or distal, depending on the spatial re-

lationship between the producer of the gesture and the referent [146]. In the case of proximal

pointing, the gesture producer can directly touch the target, allowing observers to identify the

target with a high degree of confidence [147]. This proximity minimises ambiguity, making

proximal pointing highly accurate as it leaves little room for misinterpretation. Conversely,

distal pointing requires the observer to extrapolate the intended direction based on the vec-

tor defined by the pointer’s posture [147, 148]. In XR environments, the precision of distal

pointing can be enhanced through the use of augmentative tools such as cursors. These tools

improve mid-air pointing accuracy by providing visual feedback, thereby eliminating the need

for observers to infer the direction of the pointing gesture [145].

The literature allows us to define accurate pointing (both from the points of view of the producer

and observer) and inaccurate pointing. Pointing gestures can be either proximal or distal [146].

When indicating proximal referents, the producer of a pointing gesture can touch the target, and

observers can identify targets with confidence [147]. Therefore, proximal pointing is considered

accurate, as there is no room for misinterpretation. With distal pointing, the observer instead

needs to extrapolate the vector direction as defined by the pointer’s posture [147, 148]. However,

previous studies have found that using a cursor improves mid-air pointing precision thanks to

visual feedback and removes the need to infer the pointing direction [145]. Therefore, distal

pointing with a cursor is considered more accurate, whereas distal pointing without a cursor is

more prone to misinterpretation.
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While previous works offer several methods to improve the accuracy of pointing via machine

learning models, research has also explored how users adapt their behaviour when faced with

inaccurate pointing within collaborative environments. Studies suggest that, in immersive

virtual environments, users may compensate for imprecise pointing by adjusting their position

relative to the referent, modifying their pointing technique, or enriching their verbal references

to reduce ambiguity.

2.3.3 Leveraging Multi-Modal Interaction in CSCW

Multi-modal communication in collaboration leverages multiple forms of interaction to enhance

understanding, alignment, and efficiency among team members, making collaborative efforts

more effective and cohesive. As multi-modality in communication is a naturally learned be-

haviour for humans, previous HCI studies have explored the use of multi-modal interaction

techniques to create more natural interactions. Prior work in HCI leverages natural non-verbal

communication, such as deictic pointing gestures or interpreting visual attention concurrently

with speech commands. In both cases, speech+pointing or speech+gaze, the use of visual at-

tention or pointing gestures aids the process of understanding the referent intended by the user.

Bolt’s seminal work ”Put-That-There” [149] explored the integration of voice commands and

hand gestures to enhance user interaction within graphical interfaces. Similarly Miniotas et al.

studied the integration of eye gaze with speech, especially for interactions with small, closely

spaced on-screen targets [150].

Similarly Mayer et al. conducted a study that incorporated GPS location and user’s head gaze

into mobile voice assistants, enhancing their comprehension of nearby shops and buildings by

understanding a user’s location and visual direction [151]. Ahuja et al. et al. made use of speech

as a direction communication channel, akin to employing user-gaze to facilitate interactions

across smart environment ecosystems [152]. Romaniak et al. introduced Nimble [153], a mobile

interface that integrates visual question-answering models with gesture recognition, specifically

directing gestures, for more intuitive user interactions. Marwecki et al. exploited the implicit

attention cues of gaze in MiseUnseen to facilitate novel interactions inside XR environments,
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including creating or arranging objects covertly at runtime [154].

These works highlight the effectiveness of using visual attention or pointing gestures to aid

in understanding the user’s intended referent during verbal requests. However, none of these

prior works explored the collaborative patterns of visual attention or pointing behaviour to

enrich immersive multi-modal conversations. Instead, they focused on interactions rooted in

single-user non-verbal communication and single-event interactions.

2.4 Gaze Prediction in XR

Eye-tracking in VR headsets offers valuable insights into user attention but comes with signifi-

cant challenges, including high costs and accuracy issues, which hinder the widespread adoption

of eye-tracking in consumer VR devices. These challenges have prompted the need for alterna-

tive gaze prediction methods that do not rely on eye-tracking technology.

In XR environments where eye-tracking is not available or reliable, gaze prediction models

aim to infer the user’s gaze location using alternative data, primarily head orientation and

movement, which are readily accessible through most VR headsets. More computationally

intensive models incorporate richer features, such as visual saliency—distinctive elements within

a visual scene that naturally attract attention—to enhance prediction accuracy. This section

will examine the cost and limitations associated with eye-tracking technology in VR devices

(2.4.1) and explore how these constraints have led to the development of alternative gaze

inference models. These models utilise head movement (2.4.2) and visual saliency (2.4.3) as

proxies for eye-tracking, addressing the challenges of accuracy, affordability, and widespread

adoption across XR systems.

2.4.1 Cost and Limitations of Eye-tracking on VR Devices

Depicting the direction of eye gaze would be the most obvious way to represent visual attention

in collaborative settings [98]. Currently, including eye-tracking technology in HMDs is feasible,
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although it impacts pricing considerably. For example, at the time of writing, the Pico Neo 3

with eye-tracking costs 50% more than the basic version (699$ vs. 899$), and the HTC Vive

Pro has a 100% increment in price for the version with an eye-tracker (699$ to 1,399$). Owing

to such cost differentials, HMD devices with eye tracking are not popular within the consumer

market. For example, the volume of VR headset unit sales worldwide in the 4th quarters of

2019 and 2020 indicates that the vast majority of VR devices sold do not have eye-tracking [16].

While such a lack of popularity in the consumer market of HMDs with eye-tracking affects the

potential pool size of participants for a remote VR study during the pandemic, it is nonetheless

plausible that eye-tracking devices will become cheaper and more popular over time. However,

whether all VR HMDs will eventually feature eye-tracking technologies remains questionable.

Additional hardware costs are not the only reason for exploring alternative methods of eye-

tracking.

Eye-tracking can suffer from low accuracy due to calibration errors and the drift of wearable

eye-tracking sensors [155]. While eye-tracking was used in HCI studies with different purposes

such as selection [156], object manipulation [157], and collaboration [35], previous work shows

that participant data is often discarded due to calibration and tracking issues [158, 159, 160].

Participant behaviour may cause the eye tracker to slip on the participant’s head, potentially

strongly affecting data quality [38]. Moreover, the eye characteristics of ethnic groups may affect

the accuracy of eye trackers. For example, a study by [161] shows that Asian participants’ eye-

trackers’ accuracy was worse than that of African and Caucasian participants. The problems

mentioned above affect the accuracy in such a way that, in a collaborative scenario with dense

data visualisation, a small angular displacement may convey the wrong information between

participants.

Indeed, the studies discussed above suggest that the HCI research community and VR develop-

ers should explore alternative methods for providing visual attention information in eye-tracker-

less VR HMDs, as well as fallback mechanisms for scenarios where eye-tracking loses accuracy

or fails.
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2.4.2 Gaze Prediction Based on Head Velocity

All 6DOF XR headsets are equipped with head-tracking capabilities. These features are crucial

for calculating the user’s frustum of vision and rendering images accordingly based on head

orientation. Head direction is closely linked to eye movements due to low-level neurological

connections [162, 163]. This relationship has been extensively studied [164, 100], including in

the context of XR head-tracking capabilities [47, 48].

Physiological nature of Eye-Head Coordination: The coordination between eye and head move-

ments is largely driven by low-level neural reflexes designed to stabilize vision, most notably

the Vestibulo-Ocular Reflex (VOR) [162, 163]. When a user initiates a head movement to look

at a target, the eyes typically move in a “ballistic” (pre-programmed) manner relative to the

head’s velocity to maintain fixation or shift gaze [100, 164, 163]. Research indicates that eyes

often anticipate head motion, shifting in the direction of the turn milliseconds before the head

begins to rotate [165, 166, 99].

Owing to this underlying ballistic and anticipatory behaviour, head dynamics such as head

velocity can be effectively utilised in visual attention and gaze prediction models. Recent

work by Sidenmark and Gellersen [47] quantifies the reliability of head direction as a proxy

for gaze direction. This coordination creates a predictable pattern where head velocity serves

as an informative cue for likely gaze targets, a property that has been exploited in models for

egocentric video and VR environments [48, 167, 168, 51]. However, it is important to note that

head-based gaze predictions remain approximate, with typical angular errors of around 10◦ [51].

2.4.3 Gaze Prediction with Alternative Data

Visual saliency refers to the distinctiveness or prominence of certain elements within a visual

scene that naturally attract a viewer’s attention. These elements often stand out due to factors

such as colour, contrast, movement, or unique patterns. Incorporating visual saliency into gaze

prediction models can significantly enhance their accuracy, as it helps predict where a user is

likely to focus their attention in complex visual environments.
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For example, Yamada et al. [169] demonstrated that incorporating visual saliency in gaze

prediction models significantly improves the prediction of where a user will look in complex

visual scenes. Similarly, Matsuo et al. [170] showed that integrating saliency features with head

movement data can lead to more accurate gaze prediction in video content. Li et al. [171]

also explored the role of visual saliency, finding that models that account for saliency along

with head direction achieve better performance in predicting gaze in dynamic environments.

Nakashima et al. [172] further supported these findings by highlighting that saliency-based

models are particularly effective in directing attention based on head movement in egocentric

videos. Hu et al. [51] developed a model that integrates saliency cues with head movement,

which was shown to outperform traditional models that rely solely on head direction. In a

follow-up study, Hu et al. [168] refined this approach, demonstrating that further information,

such as object movement with saliency features, leads to even more precise gaze predictions in

VR and AR settings.

However, while head movements can be easily retrieved from HMD sensors in real time, calcu-

lating visual saliency is a resource-intensive process [51, 168]. State-of-the-art saliency models

are typically implemented as deep neural networks (e.g., convolutional or transformer-based ar-

chitectures) that operate on full-resolution video frames and must be evaluated on every frame

in interactive settings. For instance, the top-performing DeepGaze IIE configuration [173]

necessitates the simultaneous execution of four heavy CNN backbones to generate a single

prediction. This massive per-frame inference cost competes directly with rendering resources

on standalone XR devices, rendering such models impractical for real-time interaction and

motivating our reliance on lightweight head-pose features instead.
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2.5 Gaps in the Literature Addressed by this Thesis

2.5.1 Lack of Field-of-View Visualisations Tailored for VR Screens

The current literature on FoV techniques for collaborative virtual environments (CVEs) reveals

several gaps that this study seeks to address. While prior research has demonstrated the bene-

fits of FoV-style visualisations in enhancing mutual awareness of visual focus [39, 40, 41], these

studies have primarily focused on 3D environments and asymmetric scenarios (Section 2.2.2).

However, with the rise of VR office applications and XVA (Section 2.1.1), there is an emergent

need to address the FoV-style visualisations of attention on 2D content (XR screens), particu-

larly in symmetric collaborative settings (VR/VR) such as those found in VR offices and XVA

applications [75].

Existing FoV-style visualisations may not be well-suited for these emerging 2D-in-VR scenarios.

They could lead to occlusion of the 2D content, ambiguity in pinpointing the focus on the

screen, or visual clutter when multiple users are present [40, 41]. Therefore, there is a clear

gap in understanding how to effectively visualise and share visual focus when collaborators are

interacting with 2D data (such as spreadsheets, web pages, or presentations) on VR screens.

This necessitates the development of tailored FoV visualisation techniques specifically designed

for 2D content in VR to enhance mutual awareness and support effective collaboration in these

increasingly prevalent use cases. This gap will be addressed in Chapter 3, where a novel FoV

visualisation technique tailored for 2D content in VR will be introduced.

2.5.2 Lack of Dynamic Representations for Cognitive Attention

While the literature identifies theoretical disconnects between visual sensors and cognitive intent

(Section 2.2.5), existing collaboration cues in XR fail to bridge this gap practically. Current

representations—whether raw gaze cursors or static FoV frustums treat attention as a fixed

spatial coordinate rather than a dynamic cognitive process.

Failure to Handle Noise (Sensory Level): Raw gaze cues transmit high-frequency sensory
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noise (e.g., reflexive saccades to motion or brightness), which does not necessarily reflect the

user’s collaborative intent. Existing cues lack the filtering mechanisms required to distinguish

between meaningful fixations and bottom-up distractions.

Static Scale (Perceptual Level): Cognitive attention naturally fluctuates between a ‘global’

scanning scope and a ‘narrow’ specific focus (Section 2.2.5). However, current XR cues utilize

static geometries (e.g., a fixed-size cursor or a rigid cone) that fail to adapt dynamically to

these shifts in scale, often misrepresenting broad situational awareness as precise scrutiny.

Absence of Decoupling Support (Cognitive Level): Finally, visual gaze often decouples

from mental focus during complex tasks. Current systems assume a 1:1 mapping between eye

direction and attention, lacking the multimodal input (such as speech) required to maintain a

valid cue when a user looks away to think or speak.

There is, therefore, a gap in the design of cognitive-aware attention cues—visualisations that

can filter noise, dynamically scale from scene to object level, and persist or vanish based on

task relevance rather than just head/eye mechanics.

2.5.3 Bi-directional FoV-style Visualisations in Collaborative VR

The existing literature on FoV-style visualisations in collaborative VR has primarily focused on

mono-directional cues, where only the collaborator’s visual focus is visible to the user [40, 41].

While bi-directional eye-gaze visualisations have been studied (Section 2.2.3), their application

to FoV-style visualisations remains largely unexplored. The potential of bi-directional FoV-

style visualisations, which allow users to see both their own and their collaborator’s visual

focus areas, remains under-explored. There is a gap in understanding the impact of self-

awareness of FoV visualisation on communication and task performances. It is important to

investigate this further, as gaze visualisations and head-based FoV-style visualisations may

yield different results due to their inherent differences in accuracy and the level of control

users have over them. Gaze visualisations provide precise information about eye movements,

while FoV-style visualisations offer a broader estimation of the attentional area based on head

orientation. Understanding these distinctions is crucial for developing effective visual attention
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cues in collaborative VR. This gap limits our understanding of how such cues could further

enhance mutual awareness and coordination in collaborative tasks [98, 41].

2.5.4 Field-of-View Visualisations Specificity

Field-of-View (FoV) visualisations have been widely used in VR and collaborative environ-

ments as an approximation of users’ visual attention. However, a fundamental limitation of

this method is that it only provides an estimate of where the user might be looking based on

head orientation, rather than their exact point of focus. Previous research has highlighted that

FoV-based approaches fail to capture the dynamic and nuanced nature of visual attention, par-

ticularly when distinguishing between focused and distributed attention [40, 42]. Furthermore,

the reliance on head movement as a proxy for gaze is problematic because it does not account

for finer shifts in eye movement, which are crucial for precise attention representation [174]. As

a result, while FoV-style visualisations provide valuable cues, they lack the specificity required

for more accurate representations of visual attention, especially in collaborative tasks [42].

2.5.5 Lack of Precision in Gaze Inference Models

Existing models that utilise head behaviour and visual saliency often achieve an angular ac-

curacy of approximately 7°, which is insufficient in high-density informational environments

where precision is essential [175]. This inaccuracy can lead to errors in collaborative settings,

where accurate gaze direction is crucial for effective communication and coordination. More-

over, much of the existing research focuses on predicting the exact gaze location as a 2D point.

However, this approach can be error-prone in collaborative settings with dense information, as

even minor prediction errors can lead to significant misinterpretations [90].
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2.5.6 Lack of Real-Time Gaze Inference Models for Untethered VR

Devices

Existing gaze inference models are resource-intensive, rendering them unsuitable for untethered,

low-cost head-mounted displays (HMDs) that are increasingly prevalent in consumer VR mar-

kets [168]. The high computational demands restrict their real-time application on devices with

limited processing power. Current approaches often depend on eye-tracking sensors, which are

not widely available in affordable VR devices, or on visual saliency, which is computationally

expensive and impractical for real-time use in dynamic VR environments [176].

2.6 Conclusion

This chapter has examined the existing literature on the coordination of visual attention, ver-

bal communication, and non-verbal gestures in collaborative environments, emphasising their

independent functions as well as their interdependence in immersive settings. A review of foun-

dational studies has underscored the critical role of visual attention (Section 2.2) and verbal

cues (Section 2.2.6) in fostering mutual awareness and effective collaboration. Additionally,

the complementary nature of gaze, referring expressions, and pointing gestures (Section 2.3) in

facilitating shared understanding and coordination has been highlighted.

An examination of the evolution of XVA environments (Section 2.1) highlights the trend of

adapting XR for 2D content and multi-purpose applications, emphasising the need for effective

communication tools in these settings. While gaze is a powerful tool for visual coordination, the

lack of eye-tracking technology in consumer VR headsets (Section 2.4.1) presents challenges.

Alternative methods, such as head movements and FoV-style visualisations (Section 2.2.2),

have emerged as viable solutions for maintaining collaborative awareness.

Verbal communication, particularly in the form of referring expressions (Section 2.2.7), plays

a crucial role in guiding attention, especially when visual cues are unavailable or ambiguous.

Speech-to-text technologies (Section 2.2.8) hold the potential to further enhance XR collabo-
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ration by augmenting traditional communication with AI-driven solutions.

Despite these advancements, gaps remain, particularly in designing effective FoV-style visual-

isations for 2D content in VR (Section 2.5.1) and increasing the specificity of FoV cues (Sec-

tion 2.5.4). Additionally, current gaze inference models struggle with accuracy in high-density

environments and pose challenges for real-time use on untethered VR devices (Section 2.5.5,

Section 2.5.6).

This thesis addresses these gaps by introducing a novel framework, known as ”complementary

reconstruction”, which leverages the natural interplay between gaze, verbal communication,

and gestures. This framework compensates for technological limitations, such as the lack of

eye-tracking, by using naturally occurring collaborative behaviours as implicit inputs to XR

systems, thereby improving both human-human collaboration and the machine comprehension

of interactions in immersive environments. Building on insights from the literature, this research

explores how gaze and communication cues can be integrated into XR environments to enhance

collaboration, contributing to the development of systems that support more effective, seamless

collaborative experiences.

The next chapter introduces the Cone of Vision, detailing its design and evaluation as a novel

approach to enhancing collaboration in XR environments.



Chapter 3

Cone-of-Vision
Use of the head as a proxy of visual attention for VR screens

Figure 3.1: Left image: cone of vision modelled with average fixation map, an updated version
of the FoV frustum visualisation. Right image: bi-directional attention cues between two users
collaborating on an EDA task.

In this chapter, the concept of using head orientation as a proxy for visual attention is ex-

plored within VR environments, addressing the specific challenge of visualizing attention on

2D content displayed within VR. While previous research has demonstrated the potential of

FoV-style visualisations for enhancing collaboration, these techniques have primarily focused on

3D environments and may not be optimal for emergent 2D-in-VR applications (Section 2.5.1).

Moreover, existing FoV-style visualisations in collaborative VR settings have largely been mono-

directional, meaning that they only display the collaborator’s visual focus without showing the

39
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user’s own focus, thereby limiting mutual awareness (Section 2.5.3).

To address these gaps, the Cone of Vision (CoV) is introduced as a novel FoV visualisation

technique tailored for 2D VR screens. The CoV estimates and displays the area where a user

is most likely focusing their attention based on the direction of their head movements. By

providing a shared understanding of visual focus, the CoV enhances collaborative experiences

in VR in scenarios where eye-tracking technology is unavailable or impractical by fostering mu-

tual awareness of visual attention (Section 3.3). Empirical studies highlight that CoV supports

effective collaboration during specific phases (Section 3.3.1). Additionally, a comparison of bi-

directional FoV-style visualisations to mono-directional ones is conducted to understand their

respective impacts on communication efficiency, task performance, and user experience in col-

laborative VR settings. The findings offer insights into how self-awareness of FoV visualisation

influences collaborative dynamics and informs the design of more effective attention-sharing

mechanisms in immersive environments (Section 3.3.2).

The CoV’s capacity to leverage readily available head-tracking data aligns with the broader

objective of exploring how naturally occurring user behaviours can be harnessed to support

effective communication and collaboration in immersive XR environments, even in the absence

of specialised hardware. This chapter contributes by introducing the CoV as a novel visual

attention cue (Section 3.1.2.3), evaluating its effectiveness through empirical studies where

participants perform an Exploratory Data Analysis (EDA) task, exploring its bi-directional

and mono-directional representations (Section 3.3.2), and assessing its impact on collaboration

(Section 3.3).

3.1 Study

The purpose of the study is to validate the proposed CoV design, understand which phases

of collaborative EDA tasks benefit or are affected by the proposed CoV visualisation, and

investigate how the self-awareness of CoV (Figure 3.2d) affects collaboration. Three conditions

were defined: (1) a baseline condition where no CoV is visualised (Figure 3.2a); (2) a mono-
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(a) No CoV (b) One CoV (red) (c) One CoV (green) (d) Two CoV

Figure 3.2: Experiment one Conditions. (a) No CoV: participants cannot see any CoV. (b)(c)
One CoV: each participant can see the CoV of the collaborator but not their own. This visual
cue is mono-directional as only the collaborator can see it. (d) Two CoV: participants can see
their CoV and the collaborator’s CoV. This visual cue is bi-directional as it can be seen both
by the user and the collaborator.

directional CoV where participants can see only their collaborator’s CoV (Figure 3.2b–3.2c);

and (3) a bi-directional CoV where both participants can see their own and their collaborator’s

CoV (Figure 3.2d).

3.1.1 Measures

To compare CoV conditions with the baseline, visual coordination and mutual awareness of

visual attention were measured. Visual coordination was assessed by recording the behaviour

of participants’ heads and calculating the rate of overlap of their field of view. This reflects how

long participants spent pointing their heads concurrently toward the same target, as used in

collaborative studies by Cordeil et al. [93]. To measure how FoV frustum visualisation increases

mutual awareness during the collaborative stages, a self-reported score of mutual awareness and

attention allocation was collected, [177]. In addition, the NASA-TLX questionnaire [178] was

used to measure the load of the task changes across the CoV conditions.

To explore how the CoV impacts deictic pointing actions, the mutual understanding of spatial

references was measured, along with the number of pointing actions performed by each partic-

ipant. Mutual understanding of spatial references was assessed using an adapted subset of the

co-presence questionnaire proposed by Biocca et al. [177]. The impact of the CoV on verbal

communication was examined by measuring the amount of verbal communication [93] and the

balance of verbal communication across participants [179].
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Figure 3.3: Inspired by Hybrid Reality Environment for Collaborative Information Analysis
used by Cavallo et al. [84] image (b) and Febretti et al. [85] image (a) and in line with XVA
studies Lee et al. [66] image (d) and Satriadi et al. [34] image (c) an ICVE was developed for the
experiment (Figure 3.3) image (e) The ICVE is egocentric and consists of a series of 8 screens
which are organised in a cylindrical layout around the participants defining the boundaries of
the space. The image depicts the ICVE in which two participants can be seen collaborating
while trying to complete the exploratory data analysis task. On the base of image (e) is possible
to see a size comparison between previously explored layouts and our virtual space.

To understand how CoV conditions impact the performances of EDA tasks, the number of

insights was recorded and classified by validity [180]. Participants were instructed to audio

record insights by pressing a button on the controller before verbalising the insight and then

pressing the same button to terminate the recording. All audio recordings were transcribed for

further analysis. Whenever participants mentioned more than one fact extracted from the visu-

alisation, insights were split unless they were comparing two facts or forming an interpretation.

Only correct insights were counted for the analysis.

3.1.2 Apparatus

3.1.2.1 VR Environment

To keep the application development simple and to avoid noise caused by differences across VR

HMDs, the study targeted only Oculus Quest and Quest 2 headsets. The selected VR headsets

are six degrees of freedom (DoF) and untethered, chosen due to their popularity and low
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(a) Gaze 360 dataset AFM [181] (b) GIW [182] (c) SGaze [51]

Figure 3.4: (a) (b) (c) shows the eye distribution in the longitudinal and latitude direction, for
each dataset [181, 51, 182] and the amount of eye samples captured by the PBCs generated
from [181]. On all three plots, the x-axes show the longitudinal eye angle and the y-axes show
the latitudinal eye angle.

retail price. An application for collaborative visual analysis of 3D data was developed using

Unity (version 2018.4.14f1) and the Oculus Unity SDK. The application enables displaying

visualisations on web pages. Also, it allows each participant to join a real-time session in which

the presence of other participants is represented by an avatar provided by the Oculus Avatar

SDK (Figure 3.3e). Each participant in the VR space is free to move in any direction using the

thumbstick controller or physically move using the six DoF of the VR HMD. Avatar movements

are streamed via the network (using the Photon Unity Network API), so their behaviour (head

and hand movements) and position in the virtual space are reproduced with low latency. The

application also enables participants to talk to each other using the embedded microphone and

speakers of the VR HMD. Additionally, the setup supports an observer/moderator to be present

(i.e., being heard but not seen) during the VR session. The repository of the VR application

can be found on a public GitHub repository.1

3.1.2.2 Data Visualisations

Three visualisation views were developed using three different datasets: Hollywood movie gen-

der bias (Theme A), the success of Hollywood movies (Theme B), and cars (Theme C). Theme

1https://github.com/Collaborative-Immersive-Visual-Toolkit/ConeOfVision
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(a) Iso-hypses metaphore (b) 70% PBC to CoV

Figure 3.5: (a) shows the iso-hypses metaphor where gaze probability is represented as the
elevation, while the contour is extracted like an iso-hypses. (b) From the identified percentile
base contour (PBC) of 70% of the dataset [183], a 3D cone of view is generated.

A was inspired by The Bechdel Test [184]- a test that evaluates the presence of women in

Hollywood movies by asking whether a movie features at least two named women characters

who talk to each other about anything other than men. The data used for theme A was from

[185]. Theme B was about the most successful movies of 2019, displaying attributes related

to ratings, financial success, and available movie attributes (genre, language, etc.) taken from

IMDB [186]. Lastly, Theme C displayed data about the risk rating calculated by insurance

companies for cars, correlating with general attributes (engine size, fuel type, etc.), which was

from the UCI machine learning repository [187]. Each theme contained 38 visualisations across

the seven screens while one screen contained a glossary for the terms. Each theme also con-

tained four chart types, namely scatter plots, box and whisker plots, histograms, and stacked

bar plots. The scatter plot and box and whiskers plot had one interaction technique that al-

lowed participants to click on items to get textual details (i.e., names of movies or details of the

boxes). Each dashboard had a consistent number of visualisations and all visualisations were

consistent in size. Captions were added under each visualisation to explain the visualisation

and the labels used. The repository of the visualisations and dataset can be found on a public

GitHub repository,1 and the visualisations are publicly available on the Internet.2

2https://graphs-for-collaborative-vr.web.app/
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Figure 3.6: (a) Hindmarsh et al. [39] propose to visualise the FoV frustum as a wireframe
(first on the left). (b) Piumsomboon et al. [41] propose to visualise the FoV frustum shaded
(middle). (c) A shaded version of the CoV was also tested during the pilot phase. (d) Rather
than displaying the FoV frustum, the intersection of a custom-calculated cone of vision (CoV)
with the observed data is displayed.

(a) 70% CoV compared to the Oculus
Quest FoV

(b) the visualised contour (conic curve)
changes based on the angle of incidence
of the cone with the data

Figure 3.7: (a) For comparison, the Oculus Quest FoV is shown, which consists of approxi-
mately ˜100° on the longitudinal and ˜100° on the latitudinal. (b) Illustrates how the depicted
intersection (green contour) changes according to the angle between the head and the 2D screen.

3.1.2.3 Cone of Vision

To generate the CoV, an average fixation map (AFM) [188] was created using users’ gaze

samples from a VR dataset recorded by Agtzidis et al. [181]. The dataset contains 14 partic-
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ipants watching 360 videos in a VR headset. To generate the average fixation map, all gaze

coordinates were converted from a global coordinate system to a head-based coordinate system,

representing the latitude and longitude angles of eye direction in head coordinates (Figure 3.4a).

The average fixation map serves as a good approximation of the probability density function

(PDF) due to the high number of fixations contained in the dataset. The PDF approximation

was used to generate percentile-based contours (PBC). Therefore, the procedure to extract the

PBC at the selected percentile uses the PDF gradient to prioritise the areas that have a higher

probability of fixations and stop when the count of gaze samples reaches the right percentile.

This procedure can be compared to the extraction of iso-hypes from ground elevation informa-

tion where the iso-hypes are the PBCs, and the elevation information is the gaze probability

(Figure 3.5a). The contour shape is therefore generated from the data distribution rather than

arbitrarily chosen as in previous FoV visualisation studies [40]. PBC extraction is performed

using the library ”matplotlib”3. After a geometric down-sample, each contour is reduced to a

sequence of 20 points with two coordinates. Such percentage-based contours effectively rep-

resent the probability of the gaze location in a movement-agnostic and context-agnostic way.

Based on the extracted PBC, the 3D cone was generated (Figure 3.7a). The 3D cone is static

in shape but follows the head direction of the user. The 3D cone is not visualised in the ICVE;

instead, when the generated cone intersects any of the 2D surfaces present in the scene, the

cone-plane intersection is visualised, forming a conic curve. Only closed conics are allowed, and

any open conic is automatically closed by following the edges of the 2D screen. The shape of

the conic depends on the angle between the head (cone) direction and the plane (Figure 3.7b).

The intersection is visualised as an elliptically shaped polyline where the colour depends on the

user casting the cone. The size of the CoV is 1
9

of the Oculus FoV (Figure 3.7a).

As the CoV is generated from datasets where participants were watching panoramic videos in

VR [181], there might be important deviations from contours generated from user tests with

different tasks and contexts. To understand how well the extracted contours capture visual

attention from other scenarios, an evaluation was conducted across two other datasets: one

from Hu et al. [51] and the second from Kothari et al. [182]. The SGaze dataset contains

3https://matplotlib.org/



3.1. Study 47

the visual attention data of participants engaged in free exploration of a virtual scene with

a 6-degree-of-freedom (DoF) VR HMD [51]. The Gaze in the Wild dataset (GIW) instead

contains visual attention data of participants performing everyday tasks while wearing a mobile

eye tracker [182]. Three PBCs (90%, 70%, 50%) were extracted from the probability density

function (PDF) of the 360 video dataset [181], and their effectiveness in capturing data from

GIW and SGaze was evaluated. Results show that the extracted PBCs capture a very similar

amount of data in SGaze (91%, 75%, 51% as shown in Figure 3.4c) and in GIW (85%, 69%,

51% as shown in Figure 3.4b). The repository containing the code used to extract the PCB

and evaluate it across the datasets is available on a public GitHub repository.4

3.1.2.4 Pilot

While the range of motion of the eyes is approximately 50° in any direction for a healthy

adult [189], it has been found that they rarely rotate beyond 30° relative to the head [165, 190],

and a more comfortable amplitude for observing targets is within 15° [191]. Eye amplitudes

exceed 15° during head shifts, whereas lower amplitudes correspond to static target observa-

tions [192]. Based on this, the contour that best represents visual attention aligned with a

comfortable eye position while observing static targets was identified. A pilot study was con-

ducted with three pairs of participants from the department. Participants were given the option

to choose the PBC (90%, 70%, 50%) that best depicted the focus of their visual attention. The

90% and 50% PBCs were excluded based on participant feedback. The 90% PBC was consid-

ered too broad to accurately reflect visual focus, whereas the 50% PBC was perceived as being

too restrictive, frequently excluding those areas where participants felt their visual focus was

directed. The selected PBC corresponds to 70% of the data, aligning with previous findings,

indicating that a 15° horizontal eye amplitude is a comfortable eye position. Additionally, a 3D

representation of the CoV was tested (Figure 3.6 (c)), with the lateral surface of the cone as-

signed a transparency of 10%. However, this semi-transparent structure made it more difficult

for participants to see the data. The solutions suggested by Hindmarsh et al. [39], Piumsom-

boon et al. [41], as shown in Figure 3.6 (a-b), were not tested, as the size of the FoV was greater

4https://graphs-for-collaborative-vr.web.app/
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(b) Experiment procedure

Figure 3.8: (a) In the first experiment 12 pairs of participants experience both experimental
conditions: Absence of CoV/presence of collaborator CoV/presence of CoV as well as the
presence of own CoV. (b) Experimental procedure.

than the already excluded 90% PBC shown in Figure 3.7.

3.1.3 Participants

Across a period of 90 days, 20 participants were recruited (6 women, MAge = 30.5, SDAge = 5.9)

through online platforms. The study was advertised on the Oculus Quest 2 public Facebook

group,5 Oculus subreddit community pages,6 the XR Distributed Research Network (XRDRN),7

and Prolific.8 These platforms were selected to target a population with an interest in VR who

could potentially benefit from the CoV feature. A screening process was conducted with the

following inclusion criteria: owning or having access to an Oculus Quest 1 or 2 (as the study

was conducted remotely), full proficiency in spoken English, and normal or corrected-to-normal

vision.

Nine participants were identified as heavy VR users, five as moderate users, and six as occasional

users. Seventeen participants used Oculus Quest 2, while three participants used Oculus Quest

1. An additional requirement was familiarity with the chart types used for the EDA task, which

consisted of histograms, bar plots, stacked bar plots, and scatter plots. Chart familiarity was

measured through a preliminary screening questionnaire containing binary responses (yes or no).

All participants had at least a bachelor’s degree. Participants received a voucher equivalent

5https://www.facebook.com/groups/oculusquest2
6https://www.reddit.com/r/oculus/
7https://www.xrdrn.org/
8https://www.prolific.co/
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Between conditions questionnaire

Mutual awareness of
visual focus

Q1: I was often aware of the other’s visual focus in the envi-
ronment
Q2: The other was often aware of my visual focus in the en-
vironment

Likert scale
agreement 7

Mutual understand-
ing of spatial refer-
ences

Q3: I understood the exact location of the other’s spatial
references
Q4: The other often understood the exact location of my
spatial references

Likert scale
agreement 7

Embodiment
Q5: I watched the other participant’s avatar to understand
what they were doing
Q6: The other person watched my avatar to understand what
I was doing
Q7: I spoke face-to-face with the other’s avatar

Likert scale
frequency 7

NASA-TLX Q7-Q13 [178]

System Usability
Scale

Q13-Q23 [193]

Table 3.1: Questionnaires

to $20 for a 90-minute study. As an incentive, participants were encouraged to perform at

their best to receive a bonus voucher equivalent to $30, awarded to the pair of participants

who reported the highest number of valid insights. Collaboration was further incentivised by

informing participants that the chance of winning the bonus was shared between the pair and,

therefore, each reported insight should be double-checked with the other participant.

3.1.4 Study Design

The study follows a within-group design, with three conditions (Figure 3.8). Participants were

embodied in an avatar and used a hand pointer to reference the observed dataset. The order

of the conditions was counterbalanced to prevent participant learning effects from biasing the

study results. Additionally, the order of the visualisation themes (Section 3.1.2.2) used in each

condition was counterbalanced to prevent any differences in data complexity from biasing the

results.
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3.1.5 Procedure

Participants had to fill out a screening questionnaire before joining the study. Participants

were contacted via email to obtain consent and arrange a time for the study. They were

then contacted via email to obtain consent and arrange a time for the study. The study

began with a web conference to provide an overview of the study procedure and the three

visualisation themes. Next, participants were asked to perform an EDA task, which involved

extracting insights from the displayed visualisations. Examples of valid insights were provided.

Instructions on navigating the virtual environment, recording insights, and using the hand

pointer were then given. Once the instructions were clear, participants wore the Oculus Quest

connected to the virtual environment and started the collaborative task. Between each VR trial

(i.e., experimental condition), participants completed the mutual awareness questionnaire, task

load, and usability questionnaire (Table 3.1). At the end of the experiment, semi-structured

interviews were conducted with each pair of participants. During the interviews, participants

were asked to report cases in which the CoV was helpful for the assigned task and cases where

it was not (Section 3.2.2). The total time spent on the experiment ranged between 1 hr and 7.3

min and 1 hr and 32.7 min (M = 1 h 20 m, SD = 12.7), and the trial duration lasted between

10 min and 16 min (M = 13 m, SD = 3m). The stop condition was reached when participants

declared that the task was complete (i.e., saturation of insights) or when the 13-minute time

limit was reached, at which point they were urged to complete the final insights. This study

was approved by the UCL Interaction Centre (UCLIC) Research Department’s Ethics Chair.

3.2 Results

3.2.1 Statistical Analysis

To analyse the collected data, Friedman tests were performed across the three experimental

conditions. Significance was set at 0.05, and the Nemenyi test was used for post-hoc analysis,

where required. In summary, significant differences were found in the average overlap of CoV
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(Figure 3.9a), workload (NASA-TLX) (Figure 3.9b), self-reported mutual awareness of visual

focus (Figure 3.10b, Figure 3.10a), self-reported mutual understanding of spatial references

(Figure 3.10c, Figure 3.10d), and embodiment usage (Figure 3.10f, Figure 3.10e).
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Figure 3.9: Behavioural Questionnaire Results

Friedman test Nemenyi test
Chi-Square p-value condition p-value

(a) Visual coupling 14.4645 0.0285* No CoV, One CoV 0.0781
No CoV, Two CoV 0.0144*

One CoV, Two CoV 0.9974
(b) NASA-TLX overall score 9.0 0.0111* No CoV, One CoV 0.0141*

No CoV, Two CoV 0.0093**
One CoV, Two CoV 1.0

(c) Number of insight reported 4.16 0.124 - -
(d) Speaking time 6.9905 0.033 - -
(e) Pointer Usage 26.6 0.774 - -
(f) System Usability Scale Overall score 15.0052 0.0257 - -

* p < .05, ** p ¡ .01, *** p ¡ .001

Table 3.2: Statistical Analysis

3.2.1.1 Visual Coupling

Visual coupling (Figure 3.9a and Table 3.2) is a measure of visual coordination, giving us an idea

of how visually synchronised the two participants were throughout the experimental condition.

The measure is expressed in a unit scale where 1 means that their head direction was perfectly
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synchronised and 0 means they never pointed their head towards the same target. As shown in

Figure 3.9a, results show a significant difference in visual coupling between No CoV (MNoCoV

= 0.34 , SDNoCoV = 0.07) and Two CoV (M TwoCoV = 0.4 , SDTwoCoV = 0.08). Therefore, the

presence of the two CoVs leads to a significant 4% increase in visual synchronisation in the

field of view overlap compared to no CoV.

3.2.1.2 NASA-TLX Overall Score

The NASA-TLX overall score (unweighted version [178]) was analysed by performing a Fried-

man test χ2 = 9.0, p = .0111. Since the resulting p-value is significant, each condition was

compared using a post-hoc test (Nemenyi). The test shows a significant difference between No

CoV (MNoCoV = 0.5 , SDNoCoV = 0.07) and One CoV (MOneCoV = 0.42 , SDOneCoV = 0.07)

and between No CoV and Two CoVs (M TwoCoV = 0.42 , SDTwoCoV = 0.07), but no significant

difference between One CoV and Two CoVs. Therefore, the overall NASA-TLX value of the

No CoV condition is statistically significantly higher than the One CoV condition and the Two

CoVs condition. The presence of the CoV leads to a 5% reduction in the reported task load

(Figure 3.9b and Table 3.2).

3.2.1.3 Number of Insights Reported

A total of 164 insights were reported by pairs of participants and statistically compared by

condition. The analysis of the results did not highlight any significant difference across the

experimental conditions, as shown in Figure 3.9c and Table 3.2.

3.2.1.4 Speaking Time

Verbal communication is an essential part of collaborative dynamics [93]. Using the HMD’s mi-

crophones, the amount of time participants spent speaking was measured to determine whether

the experimental conditions influenced the extent of participant communication. The results

indicate no significant differences across conditions (Figure 3.9d and Table 3.2).
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3.2.1.5 Pointer Usage

The number of pointing actions performed by participants during the trial was measured. The

analysis did not reveal any significant differences across the experimental conditions (Figure 3.9e

and Table 3.2).

3.2.1.6 System Usability Scale

The System Usability Scale overall score was analysed [194]. The analysis did not reveal any

significant differences across the experimental conditions (Figure 3.9f and Table 3.2).

3.2.1.7 Mutual Awareness of Visual Focus (Q1 and Q2)

As part of the questionnaires, participants rated the following statements on a 7-point Likert

scale (0 to 6): Q1 I was often aware of the other visual focus in the environment (Table 3.1 and

Figure 3.10a), and Q2 The other was often aware of my visual focus in the room (Table 3.1 and

Figure 3.10b). Variance was analysed using a Friedman test, and since the resulting p-value

was significant, post-hoc comparisons were conducted using a Nemenyi test (Table 3.3). The

presence of the CoV resulted in an increase in the perceived awareness of visual focus, shifting

responses from undecided/slightly agree to agree/strongly agree. Notably, the increase was

more pronounced in the two CoVs (i.e., self-aware CoV) condition for both Q1 and Q2.

3.2.1.8 Mutual Understanding of Spatial References (Q3 and Q4)

As part of the questionnaires, participants rated the following statements: Q3 The other often

understood the exact location of my spatial references (Table 3.1 and Figure 3.10d) and Q4

I understood the exact location of the other’s spatial references (Table 3.1 and Figure 3.10c).

Variance was analysed using a Friedman test for Q3 and Q4 and, since the resulting p-value was

statistically significant, post-hoc comparisons were conducted using a Nemenyi test (Table 3.3).
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(f) Q6

Figure 3.10: Questionnaires Answers

The perception of being understood showed an increase only in the One CoV condition, whereas

the perception of understanding the other increased equally whenever the CoV was used.

Friedman test Nemenyi test
Chi-
Square

p-value condition p-
value

Q1: I was often aware of the other 18.0476 0.0001*** No CoV, One CoV 0.0042**
visual focus in the environment No CoV, Two CoV 0.0020**

One CoV, Two CoV 0.1797
Q2: The other was often aware of 15.6 0.0004*** No CoV, One CoV 0.0163**
my visual focus in the room No CoV, Two CoV 0.002**

One CoV, Two CoV 0.1605
Q3: I understood the exact location 12.4615 0.0019** No CoV, One CoV 0.0052**
of the other’s spatial references No CoV, Two CoV 0.0074**

One CoV, Two CoV 0.9141
Q4: The other often understood the ex-
act

6.8205 0.033* No CoV, One CoV 0.0122*

location of my spatial references No CoV, Two CoV 0.1006
One CoV, Two CoV 0.3804

Q5: I watched the other participant’s 12.1333 0.0023** No CoV, One CoV 0.3822
avatar to understand what they were do-
ing

No CoV, Two CoV 0.0042**

One CoV, Two CoV 0.0112*
Q6: The other person watched my avatar 10.1052 0.0257* No CoV, One CoV 0.3822
to understand what I was doing No CoV, Two CoV 0.0049**

One CoV, Two CoV 0.0308*

* p < .05, ** p ¡ .01, *** p ¡ .001

Table 3.3: Statistical Analysis of Questionnaires
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3.2.1.9 Embodiment (Q5 and Q6)

As part of the questionnaires, participants rated the following statements: Q5 The other per-

son watched my avatar to understand what I was doing (Table 3.1 and Figure 3.10d) and Q6

I watched the other participant’s avatar to understand what they were doing (Table 3.1 and

Figure 3.10c). Variance was analysed using a Friedman test for Q5 and Q6 and, since the

resulting p-value was significant for both, post-hoc comparisons were conducted using a Ne-

menyi test (Table 3.3). When Two CoVs were present (i.e., self-aware CoV), a decrease was

observed in the extent to which participants reported observing the other avatar to understand

their collaborator’s actions. Simultaneously, a decrease was registered in how often participants

perceived the collaborator observing their avatar.

3.2.2 Qualitative Analysis

The post-experiment semi-structured interviews were audio-recorded and fully transcribed. All

transcriptions were coded, with initial codes derived from research questions and subsequently

supplemented with those emerging from the interviews. The 42 codes identified were grouped

into four themes which are reported in the following subsections.

3.2.2.1 The Cone of Vision Increases Mutual Awareness

The ability to see each other’s CoV increases participants’ mutual awareness of visual attention

compared to the condition in which the CoV is absent. This means that they can follow each

other better when moving their attention from one visualisation task to another. They were

also able to better switch between collaborative and individual work.

Helped pacing collaborative analysis: Participants found that seeing the other’s CoV

was beneficial to pacing the progression of their collaborative analysis. Since participants can

independently choose to focus on the same or different areas, they may split up without both

being fully aware. For example, one of the two participants could move to another area without
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notifying the other participant, which led to one of them being left behind without being aware

of the split. On the contrary, one might move to another area, expecting the other to follow.

Participants reported that, when the CoV was present, they would not unknowingly split: “It

was useful to see where the other would progress... because I could sort of see when P9 vision

started to move on to the next series of graphs [P10]”, “If we were doing the same thing and

he’d moved on, I don’t know if I would have caught it straight away without CoV [P15]”.

The CoV plays an important role in enabling participants to keep their attention coupled. In

other words, CoV’s presence helped to avoid splitting attention because of the lack of com-

munication. The CoV allows participants to be aware of the other person’s head movements.

Therefore, participants are able to know whether the other person was following their progres-

sion to the next visualisation. In fact, participants overwhelmingly reported how the benefit

of the CoV consisted of being able to follow each other during collaboration: “I was following

his CoV more than I was following his pointer [P8]”, “I found the CoV useful in terms of

continuing to make sure that we were focusing on the same visualisation [P9]”.

Beyond showing vision spatial attention, CoV notifies when visual attention is shifting: “It

was useful for two things: be on the same page . . . but also to pace us in moving so not

just the position but also the movements of the cone vision was a useful signal [P12]”, “. . .

if I started talking about something I could tell her CoV moved towards mine [P14]”. Such

comments highlight how the CoV differs from the pointer because it is implicit and therefore

shows behavioural clues that would not normally be deliberate. In particular, some participants

reported that such progressions to the next charts were happening without verbally discussing

them: “On some occasions at least I felt compelled to look at the same group of graphs that P2

was looking at even if we weren’t already talking about them or we did not already discuss to

look at those [P3]”.

Participants further reported that such synchronous pacing and progression of their visual

attention across the visualised data happened without having to rely on the user embodiment:

“I didn’t understand if I didn’t look at his avatar unless I had the cone [P10]”, “seeing his

CoV moving without having to turn and interpret the direction of their avatar made it easier
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to keep the same pace [P6]”. To observe the other’s CoV depiction, a user keeps facing the

data, although to observe the collaborator’s embodiment, a user needs to look away from the

data. Therefore, the CoV allows one to be aware of the other without turning away from the

observed data.

Facilitate switching from independent to collaborative work: Participants found that

seeing the other’s CoV was helpful when switching from independent to collaborative work.

During the collaborative session, participants sometimes divided their attention to focus on

different goals and then returned to a shared visual context and collaborated towards a com-

mon goal. When switching back to collaborative work, the CoV allowed the participant to

understand where the other’s visual attention was without interpreting the other’s embodi-

ment (i.e., interpreting the other head direction). ”when I was looking at something where P1

wasn’t looking then I would know that the CoV would help him to actually get on my field of

view” [P2], ”I think it was useful when I was looking at the glossary and P8 was looking at a

visualisation then I could jump exactly to that visualisation that he was on” [P9], ”like I said

to be able to turn around and go like, oh that’s the direction that he’s looking at” [P13], ”I

found the cone was helpful to realign our focus” [P6].

The visual cone depiction, therefore, removed the necessity of looking at the other person’s

avatar as well as removed any ambiguity about the collaborator’s head direction: ”Instead of

looking at him and trying to triangulate you know I was looking only the cone”[P9], ”I didn’t

have to like look at his avatar and then figure out I could just turn and then I’d see it already

and my attention would then gravitate towards that” [P7].

3.2.2.2 CoV specificity and hand pointer

Participants found that sometimes the CoV was not specific enough: the CoV provided the

general direction of the visual attention but not its exact location. In other words, they high-

lighted how the CoV shows the general area: ”the cone told me what graph” [P1], ”was useful to

highlight the graph I was on” [P6], ”I knew which window and graph the other was” [P8]. While
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the pointer would highlight a specific feature: ”... while the pointer told me which column of

the plot” [P1], ”.. but then again, I would use the pointer to increase the focus” [P6], ”...but to

point out the particular result I wanted to talk about I had to be more specific” [P8].

While elaborating on the problem of specificity, participants highlighted how the eyes move

independently from the head, thereby reinforcing how the CoV may only partially represent

the location of the gaze, ”I move my eyes without moving my head so sometimes there was

quite a disconnect between the CoV and my gaze”[P7], ”it obviously was following tracking of

my head rather than my eye ” [P3] ; some participants even mentioned eye-tracking as a feature

to increase the specificity of the visual clue: ”if you had eye-tracking and you could pinpoint

clearer where exactly in the graph I was looking that would be a bit better” [P8].

Participants also mentioned how the size of the cone (and therefore its specificity) changes

depending on their distance from the observed data. When far away from the data visualisa-

tions, the cone does feel not informative “ . . . the cone wasn’t always representative of the graph

that I was looking at because I was so far back and the cone was so big [P8]”. However, when

moving closer, the size of the CoV felt more specific/accurate: “To show that I was looking at

a particular boxing whisker or a particular histogram bar I moved forward to narrow the radius

[P10]”. Sometimes participants used locomotion just to make the cone smaller by moving closer

to the data. However, when they felt the CoV was not precise enough, most participants used

the hand pointer, e.g.: “I would use the pointer rather because that was more focused” [P1], or

“I would use the pointer to increase the focus” [P6]. Participants also highlighted that their

familiarity with the hand pointer made it easy to use: “Everybody knows the pointer, so it was

in general fantastic [P5]”, “when like in meetings I’m often using a laser pointer [P8]”.

While participants reported using the hand pointer when the cone was not specific enough,

they also reported that they used the hand pointer less than in the case in which CoV was not

visible. “We used the pointer more in the first one because we didn’t have the CoV [P12]”,” we

still used it to point out the details absolutely but we used it much much less because we didn’t

need to [P6]”, ”we didn’t have to use the laser pointer every two seconds [P4]”, “we would not

use the hand pointer a lot [P15]”, “I used the pointer less or at least like the impression [P7]”.
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In addition, they reported using the pointer more frequently when their own cone was not

visible to them: “I used the pointer more for that last one [no CoV condition] to give more

of an indication of where I’m looking at even though P4 could see where I’m looking at [P8]”,

“When I could not see my cone, I wasn’t sure what the other could see so I used the pointer

more to make sure he would understand me [P7].”

3.2.2.3 The self-awareness of CoV offers a consistent shared representation

In their self-awareness of the CoV condition, participants reported that they had a better

perception of what the other collaborator would see and this allowed them to rely more on the

CoV as a behavioural cue. In contrast, in the other conditions, they were unable to clearly

depict what the other participant could see: for example, two participants highlighted that,

because they could not see their own CoV, they felt they used the pointer more often to ensure

that the other participant understood what they were talking about: “.. I knew the other could

see my CoV, however, because I could not see it, I would use the pointer more... [P13]”, “

..because we could not see our own cone, we could not rely upon it that much [P15]”. Another

example consisted of two participants being confused by the experimental condition in which

their own CoV was not visible. Despite having explained the different experimental conditions

to participants in the instructions, two participants believed that, because they could not see

their own CoV, their collaborator could not see it either: “In the first condition I thought only

my collaborator’s CoV was visible, it took me a while to realise the other could see mine [P2] ”,

”..yes at the beginning I did not realise my cone was visible, for me it’s easier to have a shared

reality so that if he sees my cone I can see it as well so that both cones of vision can be seen

[P7]”. Essentially, a consistent representation of the shared reality leaves no doubts.

3.2.2.4 Confusion and distraction caused by the CoV

If both CoVs are visible, participants can be confused about the ownership of the CoV. To

clear their own doubt, participants moved their heads or memorised the colour of their CoV.

Participants reported: “I was a little bit confused which one was mine and which one was hers
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and I had to move my head [P10]”, “I was relying on the colour of the CoV I didn’t have any

problem distinguishing the two of them [P8]”, “... got a bit confused because I forgot which

colour I was [P5]”, “mine always moved with me so it was difficult to get confused [P9]”.

One participant found that the collaborator’s CoV may distract the collaborator when they

are explicitly engaged with the same dataset: “In that case, I already knew where we were.

When we were already looking at the same data and we’re talking explicitly about it, so it was

for me sometimes distracting [P8]”. Participants also reported that CoV overlapping occurred

even if this was negligible: “The only time that it would overlap is it just when I wasn’t paying

attention or something like that but it never was the case [P3]”, “I mean when we had both

our CoV things showing up even in the surveys when I mentioned if it overlapped certain data

points it never happened really [P6]”, “I don’t think it ever got in the way for me... maybe there

was a couple of points where the outline of it was overlap a part of the graph I wanted to look

at, in which case I just moved my head slightly and so it was it wasn’t like practically an issue

at all [P12]”, “The cone never got in the way of what I was doing [P10]”.

3.3 Discussion

When the CoV was present, an increment in the awareness of the collaborator’s visual atten-

tion was measured. This increment was more pronounced in the two CoV conditions tested

(Figure 3.10a). While the number of reported insights remained consistent across conditions

(Figure 3.9c), the conditions in which the CoV was present required a lower cognitive load

(Figure 3.9b, Section 3.2.1.2).

The qualitative analysis provides insights into the observed reduction in cognitive load (Sec-

tion 3.2.2.1). Increased awareness of visual focus was particularly beneficial when participants

transitioned from independent to collaborative work and when coordinating progression across

visualisation. CoV visualisations facilitated these tasks by eliminating the need to check and

interpret the collaborator’s avatar head direction. The effort saved in these scenarios accounts

for the decrease in overall cognitive task load.
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However, the qualitative analysis also indicates that this increase in awareness pertains only

to the general direction of visual attention rather than its precise focus (Section 3.2.2.2). To

compensate for this lack of specificity, participants either used the hand pointer or, in rare cases,

moved closer to the displayed data to narrow the CoV. Notably, the CoV did not influence laser-

pointing behaviour during collaboration, although participants perceived a reduced need to use

the pointer.

3.3.1 Cone of Vision and Collaboration Phases

Piumsomboon et al. [41] suggest that an intelligent system could autonomously choose when

to show or hide FoV frustum visualisations based on the detection of collaborative context.

However, the previous literature does not explore which phases of collaboration the FoV vi-

sualisation should display while suggesting such an idea. Our study identifies three principal

collaboration phases during EDA that appear to benefit from CoV visualisations. The first

phase consists of switching from independent to collaborative work. A context-aware system

could, therefore, temporarily display the CoVs when it detects one participant joining the

other for collaborative work. The second phase consists of pacing progression across the vi-

sualisations and essentially means the negotiation phase in which participants choose to move

to the subsequent visualisation on the displayed dataset. In this case, again, an intelligent

system could temporarily display the CoVs when it detects one participant moving to the next

visualisation/laser-pointing screen. The third phase consists of displaying the CoV when a

laser-pointing action is performed by one of the participants. In this case, again, an intelligent

system could temporarily display the CoVs when a laser-pointing action is performed. In this

case, the producer of the pointing gesture will be able to understand whether the laser pointer

is seen or otherwise by the collaborator.
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3.3.2 Cone of Vision Self-Awareness (bi-directional cue)

Results also highlight certain benefits concerning the CoV’s self-awareness (i.e., two CoV con-

ditions, bi-directional method Figure 3.2d). The statistical analysis of the questionnaire re-

sponses shows that, when participants could see their CoV, they reported watching the other

avatar less than in the other two conditions (Figure 3.10e). These results show that CoV

self-awareness makes participants feel that their collaborator understands what they are doing

without watching their avatar. Statistical analysis of questionnaires also shows that partici-

pants reported being watched less by their collaborator (Figure 3.10f) in the self-awareness of

CoV condition (i.e., two CoV conditions). These second results show that they watch the other

avatar less in the two CoVs conditions than in the other experimental conditions. Qualitative

analysis gives us an insight into why self-awareness of CoV impacts how participants perceive

the other one, even if his/her own CoV movements are untangled from the other. One possible

explanation is that the CoV perceived reliability is correlated with CoV self-awareness (Sec-

tion 3.2.2.3). Qualitative analysis confirms our hypothesis that the bi-directional cue ended up

creating a more consistent representation of the shared reality. Such a representation led to

greater reliance on the CoV visual feedback in general. Our results highlight a second benefit

concerning the Two CoVs (i.e., CoV’s self-awareness), for which a statistically significant 4%

increase in visual coupling was measured (Figure 3.9a, Section 3.2.1.1). Participants spent

more time pointing their heads toward the same data when they could see their own CoVs (i.e.,

approximately 15s on a 6 min task). Both the qualitative analysis and questionnaire analysis

give us ideas about how the CoV’s self-awareness caused an increment in visual coupling. The

questionnaire’s statistical analysis shows us that, in the two cones of vision, there is a need

to check the collaborator’s avatar to understand the focus of their attention (Figure 3.10e).

The time saved by avoiding checking and interpreting the collaborator avatar during EDA

progression could be the reason for the increment in head direction overlap. By comparing

mono-directional (i.e., One CoV) and bi-directional (i.e., Two CoVs) visual attention cues, the

benefits of the latter over the former are outlined, thereby extending the work of Jing et al.

[98].
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3.3.3 Deictic Pointing

An important implication for design is that, when integrating the CoV into applications, it

should not be considered a replacement for pointing. Our results highlight that CoV and laser

pointing complement each other, especially during deictic pointing. Indeed, when CoV was

present, participants reported that their understanding of spatial references, either verbal or

pointing actions, improved with the use of CoV, particularly under conditions of self-awareness

of CoV (Figure 3.10d, Section 3.2.1.8). Such increments can be explained by the fact that

the CoV provides a continuous spatial reference (i.e., continuously depicting the general area

of visual attention), which allows interlocutors to anticipate and verify referential intentions

more efficiently. Unlike discrete cues such as pointing or gaze shifts, the CoV persists over

time, reducing ambiguity in pointing references. Indeed, Wong and Gutwin [195] described

how awareness of visual focus plays a role in the different phases of deictic pointing actions.

The CoV supports deictic pointing actions by enabling the producer of the gesture to evaluate

whether the observer will be able to see it (i.e., collaborator’s CoV over the gesture’s intended

target). Additionally, the CoV can support the holding phase of deictic pointing: consisting of

holding a pointing gesture until the intended observer has seen it (i.e., laser pointer directed

within the observer’s CoV). The benefit, in this case, is for the producer of a gesture to able to

understand whether a gesture will be seen, or has been seen, without looking at the observer’s

avatar or hearing a verbal confirmation from the observer.



Chapter 4

Model for gaze probability regions
Use of head movements to improve the probability of gaze

Figure 4.1: a) The head rotational velocity direction (θ) and magnitude (ρ) are extracted during
a VR session. b) Probability density functions are extracted from eye-gaze distributions that
correspond to the head rotational velocity and are converted into a series of percentile-based
contours (η). c) Our real-time model uses the three parameters (θ,ρ,η) to provide a novel
representation of visual attention for VR collaboration or interaction.

In Chapter 3, we introduced the CoV as a technique through which to enhance visual attention

inference in VR. While the CoV significantly improved mutual awareness of visual focus and

collaboration, our findings also revealed a key limitation in that the inferred gaze region was still

too wide and lacked the necessary specificity (Section 3.2.2.2). Participants often compensated

for this limitation by relying on explicit gestures or refining their verbal communication. This

limitation underscores the need for a more accurate, real-time gaze inference approach that

reduces ambiguity.
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This chapter explores the enhancement of visual attention inference by leveraging head move-

ments through a real-time deep-learning model. This model is designed to infer gaze probability

regions in VR environments, particularly in cases where eye-tracking technology is unavailable

or impractical. Current methods for inferring and displaying visual attention often fail to ad-

dress the ambiguity of gaze regions (Section 2.5.5), which can impact the accuracy and efficiency

of communication and collaboration in VR [36]. Additionally, existing gaze inference methods

are resource-intensive, making them unsuitable for untethered, low-cost HMDs (Section 2.5.6).

To address these two gaps, this chapter proposes a model that enhances visual attention infer-

ence by utilising head movements through a real-time deep learning approach. By analysing

head rotational velocity, expressed as magnitude (ρ) and direction (θ) (Figure 5.1a), the model

generates a PDF that identifies likely gaze regions as percentile contours. A multi-stage pipeline

is employed (Figure 4.3), involving an autoencoder for PDF generation (Section 4.1.4.1) and

a Contour Encoder for real-time inference (Section 4.1.4.4). Unlike traditional Gaussian-based

gaze estimation methods [172, 169], the proposed model generates gaze probability contours

using an autoencoder-based approach, allowing for a more nuanced representation of visual

attention that adapts to head movement dynamics. Validation against a dataset of gaze and

head movements in VR demonstrates that the model, particularly during head movements

(Section 4.1.4.2), surpasses head-based baselines in accurately predicting gaze probability re-

gions, offering a refined understanding of visual attention that can significantly improve user

interaction and collaboration in VR.

This chapter presents a real-time deep learning model designed to estimate gaze probability in

VR, advancing the goal of leveraging natural user behaviours to infer gaze without the need

for specialised hardware. By offering an accessible solution, this work enhances the precision

of FoV visualisation in VR, particularly in contexts where cost or technological limitations

preclude the use of eye-tracking systems.
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4.1 Model

Previous works focused on predicting the exact gaze location as a 2D point. This approach

can be error-prone in collaborative settings when the scene contains high-density areas of infor-

mation since even a few degrees of prediction error can point towards entirely different pieces

of information. To address this issue, I proposed capturing the shape of the gaze distribution

instead of focusing solely on the most informative point. This approach exploits the trade-off

between the ambiguity of a region’s information and the error that a point can introduce. Our

model’s inputs consist of the head’s rotational vector (θ, ρ) and contour percentile (η); the lat-

ter represents the trade-off between point/region and error/ambiguity (Figure 5.1b, Figure 4.2b

and Figure 4.2c).

4.1.1 Task-independent Nature of Eye-Head Coordination

The proposed model posits that eye-head coordination is governed by “hard-wired” physiolog-

ical constraints—specifically ballistic [100, 164, 163] and anticipatory mechanisms [165, 166,

99]—that remain consistent across visual tasks (see Section 2.4.2). Whether a user is passively

watching a video in VR or actively searching for data on a VR screen, the biomechanics of head

rotation are a stable, bottom-up process [47, 51]. Consequently, a model trained on panoramic

video data [181] captures a robust gaze distribution that should generalize effectively to other

contexts. This premise is supported by our evaluation in Chapter 3 (see Figure 3.4a), where

static contours derived from passive video viewing [181] successfully generalized to active task

datasets (SGaze [51], Gaze-in-Wild [182]). Since the proposed model extends this logic by

conditioning on dynamic head velocity rather than static orientation, we expect this cross-task

robustness to persist.



4.1. Model 67

4.1.2 Visualisation Dimensionality

PDFs are commonly visualised as a gradient to show the model’s continuous probability output

in space. Alternative visualisations of PDFs comprise percentile-based contour lines or a closed

line that divides the space into two regions, inside and outside, offering a binary classification.

These visualisations only partially capture the PDF unless multiple lines are visualised (e.g.,

isohypse geological altitude representations or isobars in meteorology maps). As the model’s

purpose is to visualise where a user’s visual attention is likely to be without occluding the virtual

scene, a line-type visualisation is sufficient to convey the information and, unlike a gradient-

type visualisation, does not occlude the scene. Moreover, a gradient in 2D space requires

a bi-dimensional coordinate plus the associated value, while a line requires a bi-dimensional

coordinate but no associated value.

4.1.3 Head Rotational Velocity Direction and Magnitude

Head rotational velocity is parametrized as magnitude (ρ) and the angle with the z-axis of

the space (θ) (Figure 5.1). Such parameterization was chosen to enhance interpretability by

decoupling velocity direction and magnitude, unlike previous research where these components

are embedded within two Cartesian coordinates. This parameterization allows us to create

a simple analysis tool to navigate the dataset distributions and inform our machine-learning

method.

4.1.4 Deep Learning Pipeline

A dataset created by Agtzidis et al. [181], which includes both eye-tracking and head-tracking

data in a virtual environment, was selected. They recruited 13 participants and played 15

360-degree panoramic videos for each participant for a total of 195 video sessions. The sessions

were randomly split, with a ratio of 2:3 (130 videos, 936000 data samples) for training and 1:3

(65 videos, 468000 data samples) for evaluation. A series of gaze distributions were generated
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(a) Gaze distr. (θ = 10°, ρ = 7±2 °/s) (b) Gaussian iso-contours (c) Autoencoder iso-contours

(d) Contours and velocity direction (θ) (e) Contours and velocity magn. (ρ) (f) Average Fixation Map

Figure 4.2: a) A distribution of eye gaze samples generated from the two parameters of head
angular velocity direction θ = 10°and magnitude ρ = 7°/s b) The PDF extracted via the MGF
(Section 4.1.4.2), and the percentile-based contours extracted from the PDF. c) The PDF
extracted via the Autoencoder (Section 4.1.4.1), and the percentile-based contours extracted
from the PDF. d) A depiction of how contours change depending on the value of head angular
velocity direction (θ) while the percentile ρ is fixed. e) A depiction of how contours change
depending on the value of head rotational velocity magnitude (ρ) while the percentile parameter
and θ are fixed. f) Average Fixation Map (AFM): All gaze data samples from the dataset [181]
are plotted, and an AFM is generated as proposed by Radkowski [196]. From the AFM, the
contour representing %70 of the data is extracted. This image clearly shows that the gaze
distribution does not follow a Gaussian shape.
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Figure 4.3: Our model’s three-stage training pipeline involves two deep learning models and a
contour extraction phase to process velocity angle and magnitude (θ,ρ) to generate the contour
that contains the requested probability of gaze area. The contour encloses the visual interest
area and includes the predicted gaze location. The first pipeline training stage consists of an
autoencoder reconstructing the 2D PDF from gaze location distribution samples, or an MGF
approach. The second stage is a multi-perceptron architecture that encodes contours from the
angles and magnitudes of head-shift velocity.

from the dataset by filtering the data using different head rotational velocity directions (θ) and

magnitudes (ρ). These distributions were then saved as grayscale images with a resolution of

128 × 128. Observation highlighted that the gaze samples did not always exhibit a Gaussian

shape, necessitating the use of two different methods for generating PDFs. The first method

employed a trained autoencoder (Section 4.1.4.1) that captures the shape of the distribution,

while the second method involved fitting a multivariate Gaussian distribution (Section 4.1.4.2).

Both models output gray-scaled images of the same size (128× 128). The centre and percentile

contours were extracted from each PDF, paired with the corresponding head angular velocity

angles and magnitudes. A Contour Encoder was then trained to learn the various centres and

contours from the PDFs, grouped by head angular velocity (θ, ρ) and the contours percentile

(η, Figure 5.1b). A shallow model was used, avoiding complex neural network architectures,

such as those proposed by Hu et al. [51, 168].
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4.1.4.1 PDF from Autoencoder

The dataset’s eye gaze distribution does not exhibit a Gaussian shape, as shown in Figure 4.2f,

where a diamond-like shape is visible in the AFM. Therefore, the autoencoder aims to provide

an alternative approach to the standard Gaussian model. The autoencoder was developed

using Keras/TensorFlow 2.7.0 and follows a standard autoencoder architecture. It was trained

with a set of multivariate distributions, including Gaussian, Poisson, and Skewed Gaussian.

To generate the training set, the PDFs of these distributions were used as labels, while the

input data were generated by applying uniform noise to the PDFs. This method produces

distributions that visually resemble real-world gaze-tracking data. This variant is referred to as

the PDF Autoencoder, which accepts grayscale 128 × 128 images as input. The output of the

PDF Autoencoder is the estimated PDF, given the heatmap of the gaze distributions obtained

after filtering the data based on the direction and amplitude of the head’s rotational velocity.

4.1.4.2 PDF from Multivariate Gaussian Fitting (MGF)

Previous work applied Gaussian fitting to describe the distribution of gaze locations [172, 169].

However, these implementations split the X and Y components of the distribution, resulting in

a loss of correlation and the removal of the Gaussian shape’s tilting orientation. In contrast,

the proposed MGF method is designed to allow the Gaussian shape to incorporate a tilt value,

enabling a better fit to the distribution shape. Scipy 1.7.2 was used to compute MGF. Both the

training set for this method and the dataset for the PDF Autoencoder were generated using

the same initial samples, with random values assigned to θ and ρ.

4.1.4.3 Contour extraction

The PDF images generated by the auto-encoder and the MGF are processed to extract contours.

Every percentile-based contour is associated with the two parameters of head velocity (θ,ρ) and

the percentile value (η). The three parameters (θ,ρ,η) represent the training set for the next

stage of the pipeline (Figure 4.3). The prediction stage does not require the autoencoder, and
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(a) Percentage of data (b) Standard Deviation

Figure 4.4: A) Percentage of data samples in the dataset for each head angular direction. B) X
and Y standard deviation of the eye-gaze samples’ distribution for each head angular direction.

(a) Head Velocity Magnitude (degrees/s) (b) Head Velocity Magnitude (degrees/s)

Figure 4.5: A) Percentage of data present in the dataset for each Head Velocity Magnitude
(degrees/s). B) X and Y Standard deviation of the eye-gaze samples’ distribution for each
value of Head Velocity Magnitude (degrees/s).

such knowledge is embedded directly into the next model (Contour Encoder Section 4.1.4.4).

After generating the resulting PDF images from the autoencoder and the MGF, contour extrac-

tion was performed on the following percentiles (η.1,η.2,η.3,η.4,η.5,η.7,η.8,η.9,η1) of the samples of

the gaze distributions. Contour extraction is performed via a Python script and the library

”Shapely”. After a geometric downsample, each contour is reduced to a sequence of 20 points

with two coordinates. The centre of the contour was also included as an additional dataset

point to represent the estimated gaze location. The grouping of numerical input data and these

contours represents the training dataset used in the final training phase.
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4.1.4.4 Contour Encoder

The second part of the training pipeline consisted of the Contour Encoder, which is utilised for

predicting the contour and the gaze location. The PDF is visualized as an iso-contour, adopting

a lower dimensionality than a PDF gradient. Consequently, the neural network does not require

2D convolution (Section 4.1.2). Furthermore, Recurrence Neural Networks (RNNs) were not

employed for two reasons. First, the resource consumption associated with recurrence may not

meet the real-time performance requirements. Second, the training of RNNs can be affected by

a vanishing gradient problem, which is exacerbated by the high number of eye fixations with a

head rotational velocity of zero in the dataset (see the histogram in Figure 4.5a). To achieve

fast inference and portability to mobile headsets, the Neural Network (NN) architecture was

kept as simple as possible. Therefore, an MLP architecture was selected. The NN was designed

as a simple fully connected model with four layers of 2048 hidden units. The model was trained

using the contours generated from both the PDF Autoencoder and MGF for comparison. The

input to the Contour Encoder consists of three parameters (θ, ρ, η), while the output consists

of 42 parameters: 20 2D points for the contour and one 2D point for the gaze.

4.1.4.5 VR-NN model implementation

TensorFlow Lite was utilised to port the model to an untethered VR headset by converting it

into an Android-compatible version that can be loaded and executed via the Unity framework.

Additionally, model stability was improved when velocity approached zero by linearly combining

the contour estimation of the NN with the AFM, as defined in Formula 4.1. In this formulation,

V represents the head angular velocity, and Vthres is a velocity threshold above which no linear

combination is performed. A threshold value of Vthres = 0.05 was selected based on visual

estimation. The parameter t ranges from 0.0 to 1.0, where t = 0.0 corresponds to displaying

the AFM contour, and t = 1.0 corresponds to selecting the pure NN contour.

ContourV <Vthres
= (1 − t) ∗ ContourAFM + t ∗ ContourNeural (4.1)
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4.2 Results

4.2.1 Data Exploration

To contextualise the evaluation of the autoencoder and Gaussian models, the overall dataset

distribution of head angular velocity magnitude and direction was analysed. The histogram of

data samples relative to velocity magnitude indicates that most of the data are concentrated

at low-velocity magnitudes, where the head remains stationary (Figure 4.5a). Additionally, the

data reveals that gaze samples corresponding to head movement directions are predominantly

found in horizontal directions (Figure 4.4a). The standard deviation (STD) of the eye-gaze

distributions provides a measure of sample spread. By calculating the STD on data filtered

by head angular velocity direction and magnitude, variations in the size and shape of PDFs

and contours as a function of head rotational velocity can be observed. When analysing STD

variations in relation to head direction (Figure 4.4b), it is evident that the X-axis STD reaches

its maximum when the head is rotating towards the left (θ = 90°) or right (θ = -90°), while the

Y-axis STD reaches its maximum when the head rotates upward (θ = 0°) or downward (θ =

180° or −180°). These results indicate a correlation between STD and head rotation direction

as, when the head rotation is upward or downward, the Y-axis STD increases while the X-

axis STD decreases and, conversely, when the head rotation is left or right, the X-axis STD

increases while the Y-axis STD decreases. Such a change in STD is confirmed by the shape of

the contours generated by the models (Figure 4.2d). The contour size changes on the X and

Y axes according to X STD and Y STD. Furthermore, the STD increases as the head velocity

magnitude increases. Such a result is consistent with the size of contours, which increase with

increments in head velocity magnitude (ρ), as shown in Figure 4.2e.

4.2.2 Performance

The temporal performance of the model was tested on two untethered devices. The average

inference time was measured to be 8 ms on the Oculus Quest and 3 ms on the Oculus Quest
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(a) (b)

Figure 4.6: Results of the Autoencoder, Gaussian, and head direction baseline. A) RMSE of
the predicted centre relative to the distributions of eye-gaze samples for each head direction.
B) Percentage of data captured by the model contours for each head rotation direction.

(a) (b)

Figure 4.7: Results of the Autoencoder, Gaussian, and head direction baseline. A) RMSE of
the models relative to Head Angular Velocity (degrees/s). B) The percentage of the data cap-
tured by the models’ 70th percentile contours relative to the head’s angular velocity magnitude
(degrees/s).

2. These results align with the Oculus refresh rate, indicating that the model operates in real

time. To evaluate the model, a comparison was conducted against the identified baselines:

head direction and the Average Fixation Map, using the recorded eye-tracking data as ground

truth. We compare the model’s inferred gaze direction to this ground-truth data using two

metrics. First, the Root Mean Squared Error (RMSE) is used to quantify the error in the

predicted centre relative to the eye-gaze distributions. Second, we measure the proportion of

eye-tracking samples contained within the predicted probability contours on a unit scale.
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4.2.2.1 RMSE

The performance of the models related to inferred gaze position was evaluated by calculating

the RMSE between the inferred gaze and the real gaze (Figure 4.6a and Figure 4.7a). A com-

parison of the RMSE results indicates that the autoencoder model outperforms the Gaussian

model for θ = [−90◦, 90◦] (Figure 4.6a) and for ρ = [0◦/s, 6◦/s] (Figure 4.7a). Both models

consistently demonstrate superior performance compared to the baseline (i.e., head direction).

However, all models, including the baseline, exhibit the lowest accuracy during downward head

movements (Figure 4.6a). This result aligns with previous studies that describe how the eyes

contribute more significantly than the head during downward gaze shifts [47]. As eye contri-

bution increases, so the accuracy of both models and the baseline decreases during downward

movements. Furthermore, the models achieve their lowest accuracy during head movements

to the left or right, indicating that they are most effective during lateral head movements.

This observation aligns with findings from Hu et al. [51], which explored the Pearson’s Corre-

lation Coefficient (PCC) of the X and Y components of head rotational velocity and reported a

stronger correlation between the X component and gaze location as compared to the Y compo-

nent. Model performance to the head velocity magnitude (ρ) (Figure 4.7a) shows that, when ρ

is close to zero, the accuracy of both models is equivalent to the baseline. On the other hand,

the models perform significantly better than the baseline across most of the range of ρ. Due to

the limited number of samples with a head velocity above 10◦/s, it is not possible to reliably

estimate how RMSE evolves beyond these velocities.

4.2.2.2 Percentage of data captured

The performance of the contours in capturing the eye-gaze samples was also evaluated. For this

analysis, the 70% percentile contour was used (Figure 4.6b and Figure 4.7b). This metric allows

for a comparison between the models and the baseline, the AFM (Figure 4.2f). The results

indicate that both models outperform the AFM, with the best performance corresponding to

the left/right directions, similar to the MSE of the centre. A comparison with the AFM further

reveals that, when head rotational velocity is close to zero, the AFM performs equivalently to
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the models (Figure 4.7b), similar to the MSE centre baseline. However, when head movement

occurs, both models demonstrate a significantly better performance when compared to the

baseline. This characteristic of the AFM is leveraged to stabilise the model’s output when zero

velocity magnitude is detected. A comparison of the percentage of data captured by the models

shows that the autoencoder model outperforms the Gaussian model for θ = [−90◦,−45◦],

[45◦, 80◦] (Figure 4.6b) and for ρ = [1◦/s, 6.5◦/s] (Figure 4.7b). These results suggest that the

proposed approach to generating PDFs using an autoencoder better captures the shape of gaze

distribution in relevant scenarios, such as left/right head movements.

4.3 Discussion

During collaboration, visual attention cues contribute to clarifying the shared visual context,

enabling participants to perceive each other’s focus. Mutual awareness of visual attention

facilitates communication by reducing the necessity for verbally explicit references or hand-

pointing gestures to identify and negotiate the current direction of the collaborative effort.

This chapter introduces a lightweight deep-learning model capable of predicting the PDF of

gaze in VR based on head motion. The model is founded on a novel method for generating

PDFs, which enhances interaction in collaborative VR by explicitly depicting the collaborator’s

likely area of visual focus in real time. Two models for inferring gaze and its PDF, as a percentile

contour, were developed and compared. The results of the RMSE of the predicted eye gaze

indicate that both models outperform the AFM baseline. When compared to each other, the

models demonstrate similar accuracy. The comparable performance of both models suggests

that the autoencoder can serve as an effective alternative to the standard Gaussian 2D approach.

Furthermore, the evaluation demonstrates that the multi-perception model can be utilised in

real-time applications on untethered devices. The model and source code have been made

available to the research and VR developer communities via GitHub1. The implementation

achieves real-time performance on a low-cost Oculus Quest with an inference time of 7 ms,

indicating that this approach can serve as an alternative to head orientation for approximating

1https://github.com/Collaborative-Immersive-Visual-Toolkit/VR Iso Gaze Contours
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gaze in collaborative VR applications. Moreover, the same technique could be used in post-

process analysis scenarios as a fast method for estimating gaze from 3 DoF head data. In

addition, this paper introduces a novel type of coordinates for head rotational speed with the

characteristics of being human-readable and that can be used to analyse gaze distributions in

the function of the head rotational velocity. Further work could be carried out to compare our

model with the AFM baseline via psychophysical experimentation and extend the model with

different dataset types. For interactive applications, the model could be tested in a pointing

task [197]. The same comparison, instead of using the models’ contours, could be carried out

for collaborative applications performing mixed-methods studies such as [41, 97] comprehensive

of quantitative and qualitative measures.



Chapter 5

Speech-Augmented Cone-of-Vision
Use of Collaborative Verbal Communication to Augment Visual

Attention

Figure 5.1: CoV+Speech is a multi-modal visual attention cue that narrows the cone of visual
attention around keywords uttered by participants during collaborative verbal communication.

The Cone of Vision (CoV) was introduced in Chapter 3 as a technique to enhance visual

attention inference in VR. While CoV significantly improved mutual awareness of visual fo-

cus and collaboration, our findings revealed a key limitation as, in certain cases, the inferred

gaze region lacked specificity (Section 3.2.2.2). This limitation highlights the need for a more

precise, real-time gaze inference approach – one that reduces ambiguity. Notably, when this

limitation arises, verbal communication often serves as a compensatory mechanism. This obser-

vation aligns with previous research, which indicates that collaborative verbal communication

frequently serves as a fallback when visual cues are otherwise inadequate or when calibration

78
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errors arise [37]. Indeed, prior studies emphasise the crucial role of verbal communication in

aligning and coordinating visual attention during collaboration, both in-person and in remote

immersive environments (Section 2.2.7). While the interplay between verbal communication

and visual attention has been extensively studied, it has yet to be actively leveraged to enhance

collaborative communication.

This chapter explores the use of head orientation and speech to enhance visual attention rep-

resentations, aiming to improve the accuracy of head-based visualisations in collaborative VR

settings (Section 2.5.4). A novel attention visualisation method, the Speech-Augmented Cone-

of-Vision (CoV+Speech), is introduced, refining the representation of visual focus by integrating

head orientation with speech-based references that naturally occur during collaborative analysis

(Section 2.2.7). As the system is aware of the context (i.e., has access to the underlying HTML

of the data visualisation), it can adjust its focus in real time to highlight referents mentioned

by the user, thereby refining the representation of visual attention.

The empirical study evaluating the Speech-Augmented Cone-of-Vision demonstrated that in-

tegrating speech with head direction significantly improves eye-gaze inference (Figure 5.8a).

These findings provide valuable insights into how Speech-Augmented Cone-of-Vision enhances

collaborative dynamics, offering guidance for designing more effective attention-sharing mech-

anisms in immersive environments (Section 3.3.2). This chapter introduces the fundamen-

tal concept of leveraging naturally occurring verbal communication as an input modality for

XR systems, moving beyond explicit commands to a more seamless, context-aware interaction

paradigm.

5.1 Study

A within-group study was designed to compare three conditions: CoV, CoV+Speech, and Eye-

Gaze Cursor (Figure 5.2). Participants were embodied in an avatar using ReadyPlayerMe1 and

could also use a hand pointer to reference the observed dataset. A Latin Square approach was

1https://readyplayer.me/

https://readyplayer.me/
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used to counterbalance the three conditions. However, due to the number of participants, one

ordering had an additional pair of participants2.

5.1.1 Conditions

5.1.1.1 Cone of Vision (CoV)

The CoV was introduced in Section 3.1.2.3.

5.1.1.2 Speech-Augmented Cone-of-Vision (CoV+Speech)

The second visual cue is a combination of CoV and the effects of the user’s verbal interaction

with the system. Although the same CoV calculation as in the CoV condition is utilised, a

novel algorithm is designed to modify the CoV after processing the user’s speech. As described

in Section 5.1.2.1, the dataset is contained in the HTML pages rendered by the virtual screens

in the 3D office. To extract the semantics of the speech, the user’s audio is first captured during

communication with their collaborator. This audio is then streamed to an online speech service

that transcribes the speech and returns a string to parse and process with NLP algorithms. The

extracted information is subsequently searched in the HTML context to identify those elements

containing keywords isolated by NLP. The bounding box coordinates of these elements within

the browser page are retrieved, converted into world coordinates, and added to a list. The next

phase involves modifying the current CoV. To reduce the CoV size, the principal component of

the coordinates is determined through linear regression. The standard deviation of the points

is then calculated along the principal component and its orthogonal direction. An ellipse is

drawn using the coordinates of the centre of mass, with the two standard deviations serving as

its radii. Finally, interpolation between the CoV points and the ellipse points is performed with

a factor of 0.5 (Figure 5.4 (d)). The visual cue is displayed as shown in Figure 5.4 (e). This

condition integrates two different input channels: head-based position and orientation derived

2Additional statistical analyses were performed to ensure that no ordering or learning effects influenced the
results, as detailed in Section 5.2.
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(a) CoV (b) CoV+Speech (c) Eye-tracking

Figure 5.2: Experiment One Conditions: (a) CoV introduced in Chapter 3; (b) CoV+Speech:
when the participant enunciates a word which is displayed on the VR screen, the application
search within the HTML context and if the word is within the CoV, it shrinks the cone to
around the bounding box of the matching word; (c) Eye-tracking: a visual cursor is displayed
for each participant in the raw gaze location of the eye-gaze.

from the HMD hardware, and an analysis that converts speech into a morphing function of

the CoV. While the CoV calculation is executed through internal code, a portion of the speech

processing relies on an external service.

5.1.1.3 Eye-Gaze Cursor

The Eye-Gaze Cursor condition displays a graphical cursor at the gaze location on the VR

screen. The position is calculated by calculating the intersection between the gaze direction

and the VR screen. The cursor is visualised as a ring (Figure 5.2(b)) and has a radius of 1
3

of the radius of the foveal region as determined by pilot testing to ensure that the cursor is

noticeable. The Eye-Gaze Cursor is subjected to noise from the eye-tracker.

5.1.2 Apparatus

For this study, each participant was provided with a PicoNeo 2 HMD featuring a 4K resolution

(3840× 2160) at a refresh rate of 75Hz. The HMD includes an embedded Tobii eye-tracker op-

erating at 90Hz with a declared accuracy of 0.5 degrees. For verbal communication, a Microsoft

Teams connection was established using Bluetooth headphones and a microphone for partici-

pant interaction, while the PicoNeo 2 microphone captured the audio stream for transcription.
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Figure 5.3: This Figure shows on the left two collaborative environments: (a) Immersed [198],
and (b) Spatial.io [76], which enable users to generate their configurations of 2D VR screens
layouts. Figure (c) highlights a circular VR scenario in cross-virtual analytics studies of Satriadi
et al. [34] and (d) a squared configuration from the work of Lee et al. [66]. Our immersive
collaborative virtual environment is depicted in (e). It consists of 4 VR screens with HTML
web pages displayed in a cylindrical layout.

A collaborative VR application was designed and implemented using Unity 2020.3.34.f1, en-

abling two users to share the same digital space while remaining physically separate. The

application supports three different methods for exchanging visual cues during the exploratory

data analysis task. Each user’s visual cues were displayed using distinct colours: red for the

local visual cue and green for the remote visual cue. All cues were refreshed in each Unity loop

at a fixed rate of 50Hz.

5.1.2.1 VR Environment

The same VR environment described in Chapter 3 is used. However, modifications were made

to the layout to better suit the current study. Specifically, instead of a cylindrical arrange-

ment, the environment was updated to a semi-cylindrical configuration to optimise participant

visibility and align with the commercial version of VR offices, as described in Section 2.1.2.

This adjustment maintains the egocentric convex layout inspired by prior work [34, 66], while

accommodating the specific requirements of the present study. Unlike Chapter 3’s study, partic-

ipants remained in fixed locations to prevent obstruction of each other’s views. ReadyPlayerMe

avatars were used, retaining torso representation along with lip and eye synchronisation. The
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Figure 5.4: This sequence of figures illustrates the algorithm’s steps for generating the visual
cue from the combined action of CoV and speech inputs. Initially, (a) the CoV is displayed
on the VR screen while the user speaks to the collaborator. After speech recognition, (b)
keywords present on the VR screen are identified and filtered based on their positions. Only
keywords within the CoV are retained, while others are discarded. An ellipse is then fitted to
the distribution of the selected keywords, with its axes corresponding to the standard deviation
of their X and Y components (c). In (d), the CoV is interpolated with the fitted ellipse using
a balanced ratio of 0.5. Finally, (e) the resulting visual cue is presented to the users.

four VR screens continued to display charts rendered via an embedded internal browser, decod-

ing datasets from HTML/JavaScript files. The datasets and visualisations remained the same

as those described in Section 3.1.2.2. Additionally, keyword positions within the HTML were

extracted and utilised in the CoV+Speech condition.

Speech-to-Text Real-time captioning services provide transcriptions of spoken informa-

tion from audio streams. Google Speech-To-Text[137], Microsoft Cognitive Services[138], Di-

alogflow [139], IBM Watson[140], and Amazon Transcribe [141] are among the most widely used

services that allow real-time API transcription integration into a system. Google Speech-to-

Text was selected due to its compatibility with the Android platform and the Unity framework.

The Google Speech-to-Text service can be configured with various parameters, including lan-

guage, sample rate, automatic punctuation, and context adaptation. Several pilot tests were

conducted to optimise accuracy and reduce latency. The audio sample rate was set to 16,000

Hz, the language was configured as British English, and only native British speakers were in-

cluded to ensure optimal transcription quality. Punctuation was filtered out to streamline the

transcription process.
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5.1.3 Participants

A total of 20 participants were recruited over two weeks (13 women, 7 men, MAge = 29.4, SDAge

= 9.1) through an online platform managed by University College London3. Several inclusion

criteria were applied during screening: participants had to be native English speakers, have

normal vision, and possess at least a high school education. The latter criterion ensured suffi-

cient proficiency in interpreting the graphs used in the visualisation. Additionally, participants

were required to be confident in interpreting the charts included in the study, which consisted

of bar or candlestick plots, histograms, and scatter plots. A self-assessment questionnaire was

used to verify participants’ familiarity with these visualisations, and a summary of their charac-

teristics was provided during the task presentation. One participant identified as an expert VR

user, five reported average experience, six as occasional users, eleven with low experience, and

four had no prior experience with VR. Compensation of £15 was provided for each participant

for a 90-minute study. To incentivise optimal performance, an additional reward of £15 was

introduced for the pair that reported the highest number of valid insights. Participants were

encouraged to collaborate rather than split their attention across different visualisation areas.

5.1.4 Procedure

Upon arrival, participants read the information sheet and signed the consent form. The ex-

periment was conducted in a laboratory setting, with each participant assigned to a separate

office. The task duration and the three experimental conditions were introduced, and partici-

pants were given one minute to test each condition. Following this, participants performed an

exploratory data analysis task, extracting insights from the displayed visualisations. Examples

of valid insights were provided. A valid insight was defined as a recorded speech conveying a

precise and deep understanding of two or more measures displayed on a graph or a series of

graphs [180]. Instructions were given on how to record insights and use the hand pointer. Once

instructions were understood, participants wore the Pico Neo Eye 2, completed the eye-tracking

calibration process, connected to the virtual environment, and started the collaborative task.

3https://uclpsychology.sona-systems.com/
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Category Description

(1) Keyword When a participant explicitly references an element by naming a specific
word or name displayed in the data visualisation. For example, “I would say
that a movie’s budget is ...”

(2) Sequential When a participant references an element by naming a number representing
the element, for example, ”shall we move to the third panel” or ”look at the
second element”. An alternative expression might consist of the participant
suggesting moving the focus of the collaboration to the next or previous
graph/element/page, for example: ”the one next to it”.

(3) Color When a participant references an element by naming its colour: ”...the green
one..”

(4) Context reference When a participant references an element based on its location within the
page, for example, saying ”...top left corner...“ or ”...the graph below... ”.
Such references can also be related to data on data, for example: ”but the
actual value is much lower”.

(5) Pointer When a participant performs an implicit verbal reference by using the laser
pointer to highlight an element directly and utter words like ”...this...”,
”...over here...”, ”... the graph we are looking at... ” or directly mentioning
”...where I’m pointing...”

(6) User relative When a participant references an element in relation to the frame of reference
of the other user, such as: on your right/left/side, close to/far from you,
above/below you ... for example, ”...the graph on your right...”

(7) Temporal When a participant references an element previously envisioned, such as
before, after, or earlier... for example, ”Let me check if I can see something
else from the previous one.”

(8) Visual cue When a participant uses a deictic reference such as this, that or here ”...this
graph over here...” or when a participant directly refers to the gaze visuali-
sation, for example, ”Right where I am looking.”

Table 5.1: Verbal communication taxonomy.

After completing all VR trials (i.e., experimental conditions), participants filled out a question-

naire (Section 5.2.3). At the end of the experiment, semi-structured interviews were conducted

individually. Participants reported cases where each experimental condition facilitated the task

and cases where it did not. The study lasted between 75 and 90 minutes (M = 80, SD = 12.7),

with each trial lasting approximately 10 minutes (M = 13, SD = 3). The stop condition was

reached when the allocated time of 13 minutes expired.

5.1.5 Offline Analysis Methods

To examine the role of verbal communication in negotiating shared visual attention, recorded

audio was transcribed to ensure high-accuracy transcriptions (Section 5.1.2.1). The transcribed
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data was analysed to quantify the frequency with which participants referenced displayed key-

words and the extent to which alternative referencing methods were used (Section 5.1.5.2).

Additionally, an evaluation was conducted to determine whether participants’ utterances could

be leveraged alongside head direction to refine eye-gaze inference (Section 5.1.5.3).

5.1.5.1 Speech-to-Text

An offline speech recognition system was employed to analyse the audio recordings with higher

accuracy than the real-time system used in the study. This framework, released in the second

part of September 2022, is the open-source project Whisper [199], developed by OpenAI. The

system is trained on extensive multilingual spoken language datasets and utilises an end-to-

end encoder-decoder transformer architecture [200], producing highly accurate text captions.

Whisper was implemented using Python 3.8.3 and PyTorch 1.12.3 [201]. The manual analysis

described in Section 5.1.5.2 ensured the quality of the transcription.

5.1.5.2 Classification of Verbal References

To quantify the extent to which participants referenced displayed keywords verbally and how fre-

quently alternative methods such as pointing gestures or implicit visual cue references were em-

ployed, a classification framework was established. Verbal reference taxonomies from D’Angelo

and Begel [12] (i.e., remote pair programming; Table 5.1 (1,3,8)) and Pettersson et al. [13] (i.e.,

collaboration over tabletop map visualisations; Table 5.1 (3,5)) were merged to accommodate

both textual and visual element references within the same context. The taxonomy was ex-

panded to incorporate novel verbal references, including sequential statements (Table 5.1 (2)),

which rely on implicit left-to-right (LTR) directional bias [202]. Additionally, user-relative ref-

erences (Table 5.1 (4,6)) and temporal references (Table 5.1 (7)) were introduced to account for

contextual variations in referencing behaviour. The transcripts were analysed alongside video

and audio recordings to contextualise non-verbal communication (e.g., mutual alignment or

opposite orientation of participants, pointing gestures with a laser pointer, etc.). Three coders

conducted the analysis wherein each transcribed trial was initially reviewed by one coder, sub-
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sequently validated by a second, and any discrepancies were resolved by a third coder. The roles

of the coders rotated with each trial. For each transcribed sentence, verbal elements aimed at

identifying or shifting the focus of the collaborative exploratory data analysis task in relation

to the visualised data were identified. Sentences containing visual context negotiation were

classified according to the predefined taxonomy, and the corresponding areas of interest (i.e.,

data, chart, page) were annotated. Following classification, the number of occurrences of each

verbal reference type was quantified per experimental condition. A stark difference emerged

between the ”Keyword” class and all other categories, with keyword-based references occurring

more frequently than the combined sum of all other reference types.

5.1.5.3 Head+Speech Gaze Inference

The refinement of eye-gaze inference using head direction and verbal utterances was evaluated.

Data segments in which verbal communication was utilised were specifically considered to ensure

a fair analysis. As illustrated in Figure 5.8b, the steps employed to compute the accuracy of

the Head/Gaze and Head/Gaze+Speech methods in relation to the ground truth (i.e., eye-gaze

data) are detailed. First, the model focuses on bi-grams, capturing the last two spoken words

by the user at any given time. This number of words was determined to be optimal among

other n-grams. Second, the Recall-Oriented Understudy for Gisting Evaluation (ROUGE-

L) Lin [203], a well-established text similarity metric for longest common subsequences, was

applied across all possible keywords located inside the CoV. The similarity scores range from

0 to 1, and only positive scores were retained. Bounding boxes of the accepted keywords

were then identified, and the closest box was determined by calculating its Euclidean distance

from the Head/Gaze position. Finally, the RMSE was computed for both Head-Gaze and

Head/Gaze+Speech methods against the eye-gaze data.
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Figure 5.5: (a) The y-axis represents the percentage of time, in unit scale, that participants
spent concurrently looking at the same graph. (b) The y-axis represents the percentage of time
participants spent concurrently looking at the same page. (a)(b) The x-axis of both graphs
denotes the experimental conditions. The error bars indicate a 95% confidence interval. (c) The
granularity of joint attention measurement is illustrated. The top of (c) represents screen-level
granularity, capturing instances where collaborators focus on the same screen. The bottom
of (c) represents chart-level granularity, capturing instances where collaborators focus on the
same chart.

5.2 Results

The results are structured into three sections. The first Section 5.2.1 presents the analysis of

how different visual cues influenced concurrent (Section 5.2.1.1) and individual (Section 5.2.1.2)

visual attention. The second Section 5.2.2 examines how participants employed verbal com-

munication to negotiate the shared context of visual attention (Section 5.2.2.1) and evaluates

the effectiveness of speech as an input to infer gaze during collaboration (Section 5.2.2.5). The

third Section 5.2.3 assesses participants’ experiences with different visual attention cues. Un-

less otherwise stated, the analysis was conducted using a one-way repeated measures (RM)

ANOVA (α=.05) with Condition (COV,Eye-GazeCursor, CoV +Speech) as an independent

variable. When the assumption of sphericity was violated, as tested with Mauchly’s test,

Greenhouse-Geisser corrected values were used. QQ-plots were utilised to validate the assump-
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tion of normality, and Holm-corrected post-hoc tests were applied when applicable.

As mentioned in Section 5.1, the Latin square was not fully balanced. Three participant pairs

started with the CoV condition, three with the CoV+Speech condition, and four with the

Eye-Gaze Cursor condition. To assess potential biases and confounding factors, a statistical

analysis was conducted to examine ordering and learning effects. An ANOVA analysis was

performed on joint attention (”concurrent AOI”) and individual visual attention (”gaze on own

cone”) to detect any ordering effects, but no significant impact was found. Additionally, an

ANOVA analysis of the number of insights generated across conditions showed no discernible

learning effect. This indicates that the presentation order did not significantly influence par-

ticipants’ behaviour or performance, supporting the effectiveness of the approach in enhancing

collaboration and communication in data analysis. All statistical analyses are included in the

supplementary materials.

5.2.1 Visual Attention

The recorded visual attention data was segmented by dividing it for each reported insight.

Participants spent, on average, 127.24s (SD=63.57s) on each reported insight, engaging in

discussion, exploration, or examining relevant objects before articulating their observations.

Concurrent (Section 5.2.1.1) and individual (Section 5.2.1.2) visual attention behaviours were

averaged for each insight segment. Participants reported 179 insights. Each pair reported a

mean number of 17.6 insights (SD=5.25). Statistical analysis did not reveal any significant

differences in the number of insights. The duration of each insight was analysed by segmenting

each trial into the time between consecutive insights. No statistical difference was found between

the conditions.

5.2.1.1 Concurrent Visual Attention in Areas of Interest

The amount of concurrent visual attention within pairs was measured using a semantic segmen-

tation of the visualisation. This was achieved by calculating the percentage of time participants
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Figure 5.6: (a) Eye-gaze within the projected cone: The y-axis presents the percentage of time
in unit scale that the eye-gaze was within the projected cone of vision. The x-axis presents
the experimental conditions. (b), (c), and (d) Gaze sample distributions in head angular
coordinates of the experimental condition of (b) CoV, (c) the CoV+speech, and (d) eye-cursor,
respectively. On the x-axis, the longitude is presented in degrees while, on the y-axis, the
latitude is presented in degrees. In (a),(b), and (c), the CoV is depicted in white.

spent concurrently looking at the same AOI for each insight. Two AOI levels were considered:

screens and charts. The screen AOI was defined as a full page, 981px wide and 551px high

(Figure 5.5c top). The chart AOI was defined as an individual chart, varying between 300px

and 500px wide and 250px high (Figure 5.5c bottom). For the screen AOI level, the RM

ANOVA analysis revealed a statistically significant difference (F (2, 116)=4.191, p=.017). Post-

hoc comparisons identified a significant difference between CoV (M = 0.703, SD = 0.211)

and Eye-tracking (M = 0.583, SD = 0.238) conditions (t = 2.895, p = .014). The effect size

test (Cohen′sd = 0.377) indicated a small to medium-sized effect. The results suggest that

the presence of the CoV led to an approximately 20% increase in the time participants spent

concurrently looking at the same screen. For the chart AOI level, ANOVA analysis showed no

significance. Participants spent, on average, 13% of each insight looking at the same graph,

with no differences observed across experimental conditions.

5.2.1.2 Individual Visual Attention Behaviour

The effect of experimental conditions on participants’ eye-gaze behaviour was measured by

calculating the percentage of gaze samples within the visual cone (Figure 5.6a). This mea-

sure provides insight into the extent to which gaze diverges from the head’s direction. RM
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ANOVA revealed a significant difference (F (1, 106)=29.007, p < .001). Post-hoc comparisons

showed significant differences between the CoV (M = 0.929, SD = 0.151) and Eye-tracking

(M = 0.541, SD = 0.383) conditions (t = 7.337, p < .001), as well as between the CoV+Speech

(M = 0.829, SD = 0.232) and Eye-tracking conditions (t = 5.441, p < 0.001). All significant

pairwise differences exhibited Cohen’s d > 0.8. These results indicate that, when the CoV’s

cone intersection is visualised, the participants’ gaze is significantly less likely to fall outside

the depicted region, suggesting that the visualisation acts as a container. This effect is also

observed in the CoV+Speech condition, where the region dynamically adjusts based on voice

input. To further examine the impact of these conditions on gaze behaviour, gaze distribu-

tions were plotted for each condition (Figure 5.6b, Figure 5.6c, Figure 5.6d). A comparison

of these distributions reveals two key insights. First, gaze distribution in the Eye-tracking

condition is more dispersed than in other conditions. Second, the gaze distribution in the Eye-

tracking condition exhibits a greater downward spread, indicating that users tended to move

their gaze further downward from the head direction relative to other directions, as previously

reported [192]. This suggests that alternative conditions may encourage more head movement,

as gaze remains within a more constrained area.

5.2.2 Speech and Visual Attention

5.2.2.1 Classification of Verbal References

A classification was conducted to quantify the types (Section 5.2.2.2) and targets (Section 5.2.2.3)

of verbal references used in negotiating the shared context of visual attention. This classification

facilitates the calculation of the frequency of different verbal references (Table 5.1) during col-

laboration. Additionally, it provides insight into which targets require more frequent referencing

and whether the frequency of verbal reference types varies based on the target (Section 5.2.2.3).
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Figure 5.7: Analysis of verbal references to the dataset. (a) Bar charts representing the mean
count of verbal reference occurrence per trial grouped by type (types description can be seen in
Table 5.1). On the x-axis, the classes representing the different types of verbal communication
reference the visualised data, while the y-axis charts the number of occurrences for each pair
of participants during a single 15 min trial. Error bars represent unbiased standard error of
the mean, normalised by N-1. (b) Bar charts representing the mean count of verbal reference
occurrence per trial grouped by a target area. On the x-axis, the classes representing the
different AOI targets of the verbal communication reference the visualised data, while the y-
axis charts the number of occurrences for each pair of participants during a single 15 min
trial. Error bars represent unbiased standard error of the mean, normalised by N-1. (c) Verbal
communication pairwise (type/AOI) frequencies, with each cell showing the mean count per
trial of each verbal reference combination type/AOI. The colour bar shows a logarithmic scale
palette.

5.2.2.2 Verbal References Types

An RM ANOVA analysis was conducted to determine whether there were significant differ-

ences in the type of verbal reference (”(1) keywords” and ”cumulative (2-8)”) under vari-

ous experimental conditions (Figure 5.7a). There was a significant difference observed in the

number of verbal references consisting of participants enunciating visualisation keywords rel-

ative to the cumulative sum of all other types of verbal references (F (1, 8)=50.190, p¡.001).

These results highlight that our proposed approach, which intersects meanings extracted from

verbal communication with keywords on the VR display, improves visual attention inference.

RM ANOVA analysis showed no significant differences between the experimental conditions

(F (2, 16)=0.211, p=0.812) nor any interactions between the reference type and the experimen-

tal conditions (F (2, 16)=0.013, p=.987). These results imply that participants did not change
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their verbal communication depending on the type of visual attention cue, and further suggest

that using verbal communication as an input does not impact the verbal behaviour of users.

5.2.2.3 Verbal Reference Targets

An RM ANOVA was conducted to examine the effect of the given experimental condition on the

target AOI of verbal references (Figure 5.7b), revealing a significant difference (F (2, 14)=30.368, p¡.001).

Post hoc tests showed a significant difference (p < .001) between the data (M = 25.333, SD =

11.313) and screen (M = 2.125, SD = 2.853) targets, as well as a significant difference

(p < .001) between chart (M = 20.875, SD = 15.376) and screen. These differences showed that

participants equally negotiated visual attention via verbal communication for both the ”chart”

and ”data” levels while, for the ”screen” level, such negotiation is less necessary. The analysis

did not show any main effect on experimental conditions (F (2, 14)=0.211, p=.934), nor any in-

teraction between the target factors and the experimental conditions (F (4, 14)=0.211, p=0.696)

meaning that participants did not change the way they verbally communicated depending on

the type of visual attention cue displayed. These results imply that the experimental conditions

did not alter verbal communication.

5.2.2.4 Pairwise Comparison of Types and Targets of Verbal References

The relationship between the target AOI and the verbal reference method was further examined

by generating a pairwise frequency matrix (Figure 5.7c) to characterise the references in greater

detail. For example, it is clear that, when participants refer to the chart AOI, they tend to

use a larger array of methods which can be visualised by comparing the chart row and data

row. This effect is even stronger for the page AOI where (1) keywords are no longer the most

frequent method, as shown in data and chart AOIs.
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5.2.2.5 Speech and Head-Gaze as Approximations of Eye Gaze

To assess whether speech improves eye gaze approximation, an offline simulation was conducted

across the three experimental conditions using the method detailed in Figure 5.8b. Question-

naire Q10 results (Figure 5.9) indicated that the speech-to-text system used during the exper-

iment exhibited accuracy and latency issues. Therefore, the recorded audio was transcribed

using an improved speech-to-text algorithm (Section 5.1.2.1). As the focus was on evaluating

verbal communication as a supplementary input for gaze inference, the analysis was restricted

to time segments when participants were speaking. The Euclidean distance between head-gaze

and the proposed method (Figure 5.8b) was calculated relative to the eye-gaze (ground truth),

along with the RMSE of the distances. The RMSE was calculated in screen space and so, there-

fore, the results are given in pixels. The RM ANOVA results (Figure 5.8a) showed a main effect

for the gaze approximation method (F (1, 45)=7.065, p=.011) and an interaction between the

study condition and gaze approximation method (F (1.501, 63.210)=8.420, p=.002). Post hoc

comparisons highlighted a difference between Head+Speech (M = 178.327, SD = 142.517) and

Head (M = 174.407, SD = 40.401) in the Eye-tracking condition (t = 4.703, p < .001). This

difference highlights how our method outperforms head gaze as an approximation of eye gaze

in the eye-tracking condition. An interesting insight is that this difference is only present in the
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eye-tracking condition where the CoV is not present. Under the CoV and CoV+Speech condi-

tions, the presence of the contours keeps the vision closer to the head-gaze thereby hindering

the eye-gaze from spreading wider.

5.2.3 Questionnaire Results

As part of the evaluation, a series of questionnaires with 11 questions answered on five-point

Likert scales were administered (Figure 5.9). The first two questions (Q1 and Q2) come from

the System Usability Scale (SUS) questionnaire [204], and the second pair of questions (Q3

and Q4) come from the NASA Task Load Index (NASA TLX) questionnaire [178]. Q5 and Q6

aim to understand how visual attention cues affect attention allocation. Q5 question comes

from an attention allocation questionnaire and is intended to measure how visual cues attract

attention, while Q6 is intended to measure how much visual cues act as a distraction [205].

We also introduced two questions (Q7 and Q8) related to communication to understand whether,

across conditions, participants altered their verbal communication behaviour (Q8) or pointing-

based communication behaviour (Q9). Q10 is specifically related to how accurately participants

perceived the underlying technologies (i.e., eye-tracking, head-tracking, and speech-to-text). Fi-

nally, Q11 relates to how users actively alter their natural behaviour to improve feedback passed

to collaborators via the visual attention cue.

To analyse Likert items, the Wilcoxon test was used, with a Kruskal–Wallis pairwise com-

parison for post-hoc testing, where relevant. Only results where statistically significant dif-

ferences were found are reported. Tests revealed statistically significant differences for Q2

(W = 5.0, p = 0.002). A pairwise comparison revealed differences (H = 9.26, p = .0097) be-

tween CoV+Speech (M = 2.40, SD = 1.02) and Eye-tracking conditions (M = 3.35, SD =

0.57). A significant Wilcoxon test was found for Q10 (W = 0.0, p < 0.001). Pairwise compar-

isons revealed differences between the CoV+speech (M = 1.65, SD = 1.11) and Eye-tracking

(M = 3.15, SD = 0.73) conditions (H = 24.08, p < 0.001), as well as between CoV+speech

and CoV (M = 3.30, SD = 0.78) conditions (H = 3.0, p < 0.001). Responses to these ques-

tions highlight well-known problems, when dealing with speech recognition technologies, of
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Figure 5.9: Questionnaire Results

latency during real-time use and difficulty in accent recognition [206]. No significant differences

were found for NASA TLX, attention, allocation, distraction, verbal communication behaviour,

pointing-based communication behaviour, or active engagement questions.

5.3 Qualitative Analysis

Post-experiment semi-structured interviews were audio-recorded, fully transcribed, and anal-

ysed via thematic analysis [207]. The research questions focused on verbal communication as

input for visual attention cues and, more broadly, the role of verbal communication in collab-

orative exploratory data analysis. The initial codes for the analysis were derived from these

research questions, emphasising aspects related to the perception of the cues, comments on ver-

bal communication, and the impact of the CoV. Additional codes emerged from the interviews,

including lag and accuracy issues with speech-to-text technology, workarounds used when visual
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attention cues lacked precision, and instances where the CoV facilitated focus. The resulting

30 codes were grouped into three themes, as detailed in the following subsections.

5.3.1 Comparing the Different Visual Cues

Although most participants reported the eye-tracking condition as their favourite due to its

precision, some noted that it did not allow them to focus on the charts and, for this reason,

preferred the larger contoured region of the cones. For example:

“Eye-tracking was helpful If I was trying to say something specific. But then if either of us

were talking about something broader then it would not be helpful because you missed the bigger

picture. [P12]”, or: “...so sometimes during a discussion you are not talking about the specific

data point but more about the broader and the specific cursor led me to focus on one thing at

the detriment of other facts. [P16]”

Some participants reported that gaze movements were hectic and distracting. For example,

P13 mentioned: ”...it was like really distracting as I have ADHD, so it’s hard to focus its hard

to concentrate on the task, so I could not focus on my collaborator’s visual cue because it was

very confusing”. Similarly P3 said: ”...the eye-tracking visual cue it felt like he’s pulling me

away from the where I need to focus...”

Most participants reported the CoV to be most useful during the initial phase of mutual align-

ment. For example: “It was very helpful to get aligned initially and so just for the moment

what he needs to align and maybe the moment when the other one goes away [P4]” or: “It was

helpful when the person I was collaborating with was talking about something, but I didn’t know

where she was looking for pictures so I could see the different colour area and turns towards it

[P7]”. P15 said that the CoV was useful in confirming that the two participants were looking

at the same thing: “I found it helpful because I knew where she was looking, so we were able to

basically be on the same page”.

Several participants reported that the CoV contours allowed them to focus on the encircled

data: ”...the good part of the cone was that it helped me focus on where I was looking at, so I
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won’t look in under directions. [P9]”. P17 explicitly stated that they ’liked’ the circle produced

by the cones: ”We were both focusing on the same things. Like having a line around, you know

what you are focusing your attention on, that kind of helps the kind of block out everything

else”. Similarly, P2 stated: ”The cone was helpful as it just helps me concentrate. I don’t really

feel like it was getting on the way.”

Participants commented that the visual attention cues made them feel more coupled and ac-

countable rather than wandering around and helped them to stay on the same page. For

example, P13 reported: “The cone was helpful in that it kind of kept me in the room so I need

to look at the same thing that she was describing, so she would see that I was looking at it was

very helpful.”

Participants complained that in the CoV+Speech condition, the cue lagged considerably: “I

feel the speech was picking it up like in 10 seconds I did not find it to be reliable as when it was

shirking down it would do so unreliable not in the specific area. [P13]”. Similarly, P12 stated:

“It felt like it was slow”.

5.3.2 Verbal Communication as a Fallback

Most participants reported that the CoV worked well for keeping them on the same page,

although it was not very precise. So they reported using verbal communication as the default

method to refine the accuracy of the CoV. For example: “I think it was helpful seeing in general

where the other person is looking at and then also aligning myself with that we did without yeah

but it wasn’t like with the specifics obviously it wasn’t as helpful so I think we used more like

verbal things to see like which chart each person’s actual we read [P4].” P6 explicitly compared

the CoV to the eye-tracking cues: “With the fixed cone compared to the eye-tracker there is a

lot more to verbalise so you had to find out like oh yeah, I have a look over there and get more

details to say to the other collaborator”.

Some participants reported feeling that the eye-tracking was sometimes not perfectly calibrated.

Although, initially, they tried to compensate for the error by moving their eyes, they ended
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up using verbal communication to specify the location of the data they were discussing: “The

eye-tracking did get in the way a little bit because I feel like it was sometimes it wasn’t calibrated

that well, so I’m trying to fix my attention on the specific part of the chart and then the cursor

was slightly off in another place so at first I was trying to compensate with my eyes but that

wasn’t working so I just had to ignore it and communicate the region of interest verbally [P2].”

5.3.3 CoV+Speech Condition

The CoV narrowing down on the region of interest was reported as a welcome confirmation of

the shared visual attention: “[it] was nice to have a confirmation of the cone shrinking as it

increases the confidence that we were both looking at something [P5]”. Participants commented

that it rarely focused on the wrong area: “I felt it rarely narrows down on the wrong area, but

there was delay [P19]”.

Sometimes participants went beyond explicitly looking for labels to refer to, and they attempted

to direct the CoV, narrowing it with spatial voice commands (e.g., top left, bottom right,

etc.). The positions were expected to be understood concerning the virtual screen at which the

participant was looking. For example, P13 reported feeling disappointed that such a strategy

did not work: “I found also that was limited in the functionality as it would not recognise top

left bottom right corners”. P2 mentioned that the other participant instead quickly reacted

to such spatial references: “There were few charts in which some of the information on the y

and x axes were the same; however, with them, I was mentioning top left or top right, and she

would very quickly look there”. Therefore, the future system that uses speech as an input for

visual attention could integrate recognising these forms of verbal, spatial references to inform

the visual cue contours without necessitating the semantic knowledge of the context.
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5.4 Discussion

The results are discussed by subdividing the findings into Joint Attention (Section 5.4.1) and

Individual Visual Attention (Section 5.4.2). The final section (Section 5.4.3) highlights the

outcomes of the speech and semantic analysis.

5.4.1 Comparing Joint Attention

Quantitative results indicate that concurrent joint attention on VR screens (Figure 5.5b) was

significantly better (increment of 20%) in the CoV condition than in the eye-tracking conditions

of Section 5.2.1.1. Despite the fact that the qualitative results showed that the participants

preferred the eye-tracking method, the interviews also revealed the reasons for the success of

the CoV method in focusing joint attention on screen AOI. Participants mentioned that the

cone was helpful in mutual orientation and they found the wider head-based cone contour

much easier to find than the eye-tracking cursor. The size of the contour was not the only

reason it was easier to find, as it also moved less. Mutual alignment (i.e., orienting themselves

along the general direction of collaborators) has been defined by [32] as an essential phase in

negotiating a shared visual attention context and is significant for joint attention. Such results

extend previous work related to uni-directional visual attention cues of [41], showing that, in

the context of 2D VR screens, bi-directional visual attention cues based on head direction

outperform the overall mutual alignment when compared to eye-tracking cues.

Moreover, such a finding extends the work of [208], which focuses on bi-directional eye behaviour-

based attention cues, as well as the work of [53], which focuses on bi-directional head behaviour-

based attention cues, by comparing bidirectional eye-based to head-based visual attention cues.

Moreover, quantitative results indicate that, for concurrent joint attention, for the chart area

of interest (Figure 5.5a), all tree conditions perform equally well. This result is consistent

with Q6 of the questionnaire, which indicates no statistical difference across the experimental

conditions. Qualitative analysis of interviews suggests that this result could be due to the effec-

tiveness of verbal communication in refining and specifying the location of the area of interest
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(Section 5.3.2). While eye-tracking seems to be the favourite visual attention cue, not all VR

headsets have eye-tracking capabilities, and perhaps future cheap VR headsets will never in-

corporate such capabilities. Our results show that, in the context of exploratory data analysis

tasks on VR screens, cheap VR headsets using bi-directional CoV can still lead to the same

amount of joint attention and are, therefore, effective.

5.4.2 How Visual Cues Contours Affect Individual Visual Attention

Quantitative results indicate that contour-based visual cues significantly alter individual visual

attention by focusing it within the depicted visual cone, with an increase of 20% of gaze sample

observed within the contour when the contour is displayed relative to a condition in which the

contour is not displayed (Section 5.2.1.2). Furthermore, qualitative results highlight that people

perceive such a change and focus more on the area within the depicted region (Section 5.3.1).

These results are consistent with the data [181] used to generate the CoV (Figure 3.7) and

validated by [53] with two separate datasets [51, 182]. While the eye-tracking condition gaze

samples are comparable in percentage terms with the sample of the original dataset, the CoV

conditions sample shows the reported 20% increase. This could be because the participants

were aware (consciously or unconsciously) that the CoV was a signal of their visual attention to

the other person. In other words, they kept their visual attention within the highlighted region

where the other person would expect it to be. An alternative explanation is that the contour

generates an attention tunnelling effect similar to that of small field of view AR/VR devices

[209]. Such results could be interesting in relation to managing the attention of participants

who have trouble concentrating (e.g., in ADHD) [210]. A key implication of such an effect is

that displaying the CoV can be useful when eye-tracking is not available. For example, metrics

about the success of collaboration based on eye-tracking [18, 17] could be more accurately

approximated using head-tracking. Furthermore, it might be possible to more effectively adapt

interaction techniques that support eye-tracking [42] which only relies on head-tracking.
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5.4.3 Speech as Input for Collaboration Support

Our results indicate that participants utter keywords present during visualisation as the pri-

mary way to perform verbal references (Section 5.2.2.2, Figure 5.7a), independently of verbal

communication being used as input for visual attention cues (Figure 5.7b). Such results indi-

cate that there is potential for speech recognition to be used to refine gaze inference in two

ways. First, searching the spoken keywords in the users’ visual field (i.e. CoV) and exploiting

their location to refine the region of the visual cue is the best strategy for interpreting verbal

attention if compared to the other strategies aimed at interpreting different verbal references

(Table 5.1) because of its frequency of usage (Table 5.1). Second, such verbal exchange occurs

naturally, so our method does not require users to communicate differently. This suggests that,

when correctly implemented, such a method could lead to no learning/usage costs for the users.

Such results are also consistent with the outcomes of the qualitative analysis Section 5.3.2 in

that participants reported using verbal communication during collaboration as a method to

overcome the lack of precision of the CoV.

However, our results indicate that further technological advances in automatic speech recogni-

tion are needed for this approach to become viable, since real-time state-of-the-art speech-to-

text services (Section 5.1.2.1) still suffer from accuracy and lag issues. Such problems emerged

from our qualitative analysis (Section 5.3.1) and the questionnaire responses (Section 5.2.3,

Figure 5.9). Nevertheless, a high-accuracy transcription was obtained using the audio record-

ing from the experiment using an offline state-of-the-art speech-to-text model (Section 5.1.5.1).

Such accurate transcription was used for additional analysis to test speech as an input for gaze

inference across all conditions (Section 5.2.2.5, Figure 5.8a). These results illustrate that our

method better approximates eye-gaze than head gaze alone when the CoV is not present (Sec-

tion 5.2.2.5, Figure 5.8a). The results indicate that, in the Eye-Gaze Cursor condition, speech

improves the accuracy of the head gaze by approximately 50px on average, and that this is

statistically significant. Results from the same analysis also show that, under the conditions

in which the CoV or CoV+Speech is used, our method does not show improvements, most

probably because the gaze is constrained by the visual cues (as discussed in Section 5.4.2).
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The dataset related to head, gaze, and accurate transcript speech behaviour has been released

to encourage further research in this direction. Gaze inference models other than eye-tracking

could be beneficial for those low-cost eye-tracker-less headsets or for offline analysis which lacks

gaze data, but retains speech and head direction information.



Chapter 6

Conclusion

The primary aim of this thesis was to enhance collaboration and productivity in immersive XR

office environments, in which 2D documents are visualised on VR screens within a 3D space.

This required addressing a dual challenge: a hardware challenge, where low-cost, eye-tracker-

less VR headsets lack the sensors needed to directly capture gaze, and a conceptual challenge,

where even when gaze is available, it is an imperfect proxy for users’ underlying higher order

of attention.

To address this problem, the primary research objectives (Section 1.2) of this thesis were to:

• Develop novel methods to infer visual attention in eye-tracker-less XR headsets from

accessible input data such as head movements and speech cues;

• Design adaptive attention cues that better approximate users’ attention;

• Evaluate the impact of these methods on collaboration, user experience, and task effi-

ciency through empirical studies.

This research successfully introduced novel approaches to estimate and visualise users’ focus

using head movement velocity and augment these estimates by interpreting users’ collaborative

speech. The proposed methods successfully improved focus estimation, allowing for real-time

104
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adjustments of visual attention from a broad, scene-level awareness to a fine-grained, local focus

in XR environments, effectively operationalizing a fundamental characteristic of the higher-

order of attention. User studies demonstrated that these techniques significantly enhanced

mutual awareness and task coordination, without eye-tracking technology, making them both

effective and accessible for low-cost VR headsets.

These approaches help bridge the gap between high-cost VR headsets with eye tracking and

low-cost eye-tracker-less headsets, while simultaneously laying the foundation to fully address

the conceptual gap between raw visual sensors and the accurate reconstruction of cognitive

intent. This goal aligns with the broader vision of fulfilling the promise of XR as a platform

for spatial hyper-productivity.

6.1 Discussion

Chapter 3, Chapter 4, and Chapter 5 each contribute a piece of the puzzle, highlighting the

modular nature of the contributions of this thesis. Chapter 3 introduced the Cone of Vision

(CoV ), an FoV-based visualisation cue designed to display visual attention for improved col-

laboration. Subsequently, Chapter 4–Chapter 5 introduced two complementary methods based

on the CoV—a real-time deep-learning model for gaze probability and a Speech-Augmented

CoV—each building on the original cue to meet increasingly refined requirements for mutual

awareness in XR. The CoV establishes a fundamental head-based cue; the deep-learning model

refines probabilistic gaze estimation; and the Speech-Augmented CoV allows for targeted, fine-

grained attention when user communication clarifies ambiguous references. Collectively, these

enhancements trace a clear evolution from a unimodal to a multi-modal approach, in which

each added dimension—head direction, behaviour, and speech—further amplifies the prior tech-

nique’s effectiveness. This progression explores novel inputs and methods to both infer and

visualise user attention in immersive collaborative environments.

From a technical perspective, Chapter 4 introduced two novel approaches to infer visual atten-

tion, focusing on optimising computational efficiency and predictive accuracy. For prediction
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dimensionality (Section 4.1.2), a line-based PDF representation was designed to enhance CoV

visualisation while minimising computational cost (Section 4.2.2). For accurate probability

representation, an autoencoder-based approach (Section 4.1.4.4) outperformed bivariate Gaus-

sians in certain cases, demonstrating its viability as an alternative (Section 4.2). Additionally,

the model achieved its highest accuracy during left and right head movements (Section 4.2.1),

suggesting that gaze estimation is most beneficial when clear directional head cues are present.

The speech-based model (Chapter 5) introduced verbal input as a dynamic modifier, refining

gaze inference and significantly improving head-gaze-based predictions (Section 5.2.2.5). How-

ever, its effectiveness remains contingent on verbal engagement during collaboration, making it

more applicable to dialogue-rich tasks.

During evaluation, each method showcased distinct strengths. The plain CoV (Chapter 3)

excels at providing broad mutual awareness when stable visual cues are needed (i.e. opposite

to erratic like eye gaze pointers), for instance during transitions between different screens or

when collaborators move from individual to joint work. By reducing the need to interpret

each other’s avatar orientation (Section 3.2.1.9), participants can remain focused on the data.

However, while helpful for general alignment, plain CoV can lack the precision required in

certain collaborative phases (Section 3.2.2.2), leading us to explore additional methods. The

Deep-Learning Probabilistic Model (Chapter 4) offers more precise gaze estimation during head

movement but was evaluated only on an existing dataset rather than through a dedicated user

study. Although it performs well in tasks requiring frequent head rotation or real-time density

mapping, communication in EDA tasks often happens when users hold their heads still, making

its direct impact less evident. Lastly, the Speech-Augmented CoV (Chapter 5) is most effective

in refining or disambiguating attention cues when precise references to displayed data arise or

when conversations are dense and detail-oriented. This approach narrows the CoV in real time

based on spoken keywords, thereby addressing precision needs that plain CoV alone cannot

fulfil.
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6.1.1 Region-Based Visualisations and Awareness

Our first study introduced the CoV in a collaborative 2D VR environment, demonstrating

that head-based attention cues significantly improved mutual awareness and alignment during

transitions between individual and joint tasks. Notably, participants reported relying less

on avatar interpretation (Figure 3.10e) and qualitative feedback, highlighting the CoV’s role

in preventing unintentional splits in focus (Section 3.2.2.1). In the second study, comparing

CoV to eye-gaze cursors revealed that CoV attention cues supported joint attention equally or

more effectively. Joint attention increased by approximately 20% when using head-based cues

(Figure 5.5b, Section 5.2.1.1), underscoring the CoV’s ability to foster more stable and cohesive

collaboration. Collectively, these two studies illustrate a clear progression from establishing the

fundamental benefits of CoV for mutual awareness to confirming its superiority—or at least

parity—when directly compared with eye-gaze methods.

6.1.2 Self-Awareness of Visual Cues

A recurring theme in our studies (Section 5.1, Section 3.1) was that users become more aware of

their own attentional cues when these are visually augmented, whether through the CoV itself

or in response to contextual speech references. This enhanced self-awareness amplifies both

collaboration and individual behaviour. As participants monitor not only their collaborator’s

attention but also the display of their own CoV, they naturally align or “contain” their gaze

within that region (Chapter 3), thereby reducing misunderstandings and coordinating more flu-

idly in real time (Section 3.2.2.3). This behaviour suggests both conscious and less deliberate

influences at play, highlighting the powerful impact of visual attention cues on individual gaze

patterns. Meanwhile, even though our data show no significant statistical shift in the ratio

of implicit vs. explicit speech references, participants reported feeling more intentional about

their language when they knew it would reshape the CoV (Figure 5.7, Q9 in Figure 5.9, and

Section 5.3.3). In this way, self-awareness and bidirectional feedback not only improve mutual

understanding and task performance but also subtly influence how users direct their gaze and

communicate verbally, underscoring the broader impact that visualising one’s own attention
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can have on collaborative behaviour in XR.

6.2 Impact and Implications

This research challenges the assumption that raw eye-tracking is the gold standard for atten-

tion cues in XR. Literature warns of sensory noise and calibration drift [211, 161] (see Sec-

tion 2.4.1)—flaws this thesis confirms can actively distract collaborators and force a reversion

to verbal descriptions (see Section 5.3.2 and Section 5.3). In contrast, this work proves that

visual focus can be robustly reconstructed by leveraging multimodal signals like head pose and

speech. Offline analysis demonstrates that extracting semantic targets from speech significantly

improves gaze inference accuracy over head orientation alone (see Section 5.1.5.3). By reducing

spatial ambiguity and filtering sensory noise, this approach proposes a fundamental shift in

design philosophy: moving from merely replicating gaze mechanics to utilizing higher-order of

cognitive attention.

This shift has significant implications for the design of collaborative interfaces. It suggests that

future systems should prioritize cognitive alignment—supporting the user’s fluctuating need for

both ‘global’ and ‘local’ attention—over static sensor precision. As identified in the literature,

attention is dynamic in scale, acting as a zoom lens that expands to scan scenes or contracts

to scrutinize details [27, 28] (see Section 2.2.5). This thesis proves the importance of broad

attention during collaborative alignment, demonstrating that head-based cues (CoV) signifi-

cantly outperform precise gaze cursors during global phases such as screen transitions [143] (see

Section 5.2.1.1). Furthermore, it establishes the importance of speech towards reducing ambi-

guity and visualizing ‘higher-order’ cognitive attention. By integrating verbal communication

as a semantic anchor, the Speech-Augmented CoV (Chapter 5) offers a framework to bridge

global awareness and local precision, using the user’s own descriptions to dynamically refine the

visual cue. This implies that effective collaboration tools must be context-aware interpreters of

human behaviour, capable of adapting to the changing scale of cognitive intent.
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Finally, while these methods were initially motivated by the hardware constraints of low-cost

headsets [16] (see Section 1.1.2), their utility extends far beyond cost-saving. In the emerging

context of XVA environments and spatial knowledge work, users require interaction modal-

ities that are seamless and intuitive. This work demonstrates that naturally occurring be-

haviours—looking and speaking—can be harnessed as powerful implicit inputs. Consequently,

leveraging these natural signals is not merely a hardware workaround for today’s devices; it is a

fundamental requirement for realising the seamless, hyper-productive augmented collaboration

promised by the next generation of spatial computing.

6.3 Limitations and Future Work

6.3.1 Visual Attention Inference

6.3.1.1 Model Evaluation and Generalisability

At present, the Model presented in Chapter 4 is trained and validated offline, by comparing the

inferred gaze distribution against ground-truth eye-tracking data using RMSE and the propor-

tion of eye-gaze samples contained within the predicted probability contours (see Section 4.2).

The proposed model relies on the premise that eye-head coordination is task-independent (see

Section 4.1.1) because of it’s physiological nature (see Section 2.4.2). However, this offline val-

idation does not yet confirm how precisely these results transfer to EDA task settings where

cognitive intent drives attention differently than in the passive exploration of 360-degree video

footage [181]. Future work should therefore extend this evaluation in two directions. First, the

model should be tested on a dataset of EDA tasks performed within an XVA environment, to

verify that gaze patterns learned from passive video consumption generalize to the dynamics of

active EDA tasks, thereby mitigating potential biases introduced by the training data. Second,

beyond offline error metrics, controlled user studies are needed to examine whether improve-

ments in RMSE and coverage (i.e., the proportion of eye-gaze samples contained within the

predicted probability contours) actually translate into better perceived visual cue specificity
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and increased mutual awareness in immersive analytics and XR collaboration scenarios.

6.3.1.2 Accuracy of Speech-Based Input

The accuracy of speech-based input is contingent on the quality of the speech recognition sys-

tem and the clarity of the user’s speech. Future work could investigate more robust speech

recognition techniques or alternative methods for incorporating verbal communication, such

as semantic analysis or understanding of natural language. As highlighted in our qualitative

analysis (Section 5.3.3), participants occasionally made spatial references, such as ”on my left”

or ”top right corner,” that were not fully utilised by our system. The system could be extended

to better exploit such verbal communication. Future work should investigate how spatial ref-

erences which do not include keywords, such as ”on my left” or ”in the top-right corner,”

could be explicitly used to manipulate visual cues in real time. Additionally, exploring the

integration of verbal inputs that reference specific colours, shapes, or even synonyms for visible

keywords could further enhance mutual understanding during collaboration (Section 5.1.5.2).

Moreover, expanding the system to function in more complex XR environments, such as those

involving 3D data, would be an important next step. Leveraging 3D meta-information or real-

time video segmentation could provide a richer dataset for verbal references and collaborative

visualisations [212].

6.3.1.3 Co-design visual attention inference with UI Layout

Knowledge work interfaces are composed of discrete semantic elements—plots, buttons, head-

ings—that are inherently high in saliency [52, 51]. Since gaze is strongly correlated with these

informative regions [182, 213], the spatial layout itself acts as a strong prior for gaze prediction,

modulating ambiguity even when head movements remain identical. While this thesis excluded

generic visual saliency due to its prohibitive computational cost (Section 2.4.3), window-based

VR environments might offer a more efficient alternative: UI layout metadata.

In our XVA environment Section 5.1.2.1, the 2D semantic layout is explicitly exposed, provid-

ing low-cost bounding boxes for all UI elements. Unlike pixel-based saliency, these metadata-
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driven priors do not require per-frame re-computation, highlighting the significant merit in

co-designing the attention inference system with the UI environment.

Concretely, these priors could be operationalised via two approaches: (i) probabilistic integra-

tion, where the semantic layout is output as a weighted probability texture and merged with

the CoV’s underlying distribution on the GPU; or (ii) heuristic adjustments, drawing inspira-

tion from eye driven interfaces where “magnetic” targets and dwell-based selection are com-

mon [214, 215, 216]. In the latter approach, the borders of the CoV would be attracted/repulsed

to/by semantic UI boundaries, ensuring that region based contours reliably “locks on” to dis-

crete objects disregarding empty background.

6.3.1.4 Reliance on Head Movement

The reliance on head movement for gaze estimation might be less effective for users with limited

mobility or in scenarios where head movements are restricted. Although head-based methods

proved effective in this context, they may not generalise well to all XR applications. Further

work could explore the use of other behavioural cues, such as hand movements or body posture

to further enhance gaze estimation accuracy, especially in cases where head movement is limited.

For example, further development of the real-time deep learning model presented in Chapter 4

could include optimising the model for tasks such as interactive pointing (i.e. hand movements)

or collaborative problem-solving (i.e. group body dynamics).

6.3.2 Attention Representation

While this thesis approximates the “Zoom Lens” and “Spotlight” models [27, 28] through

complementary reconstruction, it does not fully reconstruct the underlying cognitive state. By

shifting from raw sensory tracking to adaptive regions, sensory noise is filtered (Section 2.2.5),

yet two significant limitations persist regarding the dependency on overt behaviour.

Reliance on Explicit Input (The Silent User): The Speech-Augmented CoV successfully

realises a dynamic “Zoom Lens” during verbalisation, but lacks a mechanism for silent analysis.



6.3. Limitations and Future Work 112

When a user scrutinises a detail without speaking, the system defaults to the broad, static CoV,

failing to capture the covert narrowing of cognitive focus. Consequently, the representation

remains contingent on explicit, outward communication rather than truly reflecting the user’s

internal state.

Persistence of Decoupling (Looking ̸= Seeing): While speech helps ground attention

when users physically look away, the system cannot detect internal decoupling—such as mind-

wandering or deep reasoning—where a user stares at a target but processes unrelated concepts.

I have improved referential accuracy for overt behaviour, but the real-time distinction between

merely “looking” and active “processing” remains unsolved.

Crucially, these gaps stem from fundamental disconnects between observable behaviour and

internal cognition, affecting even high-fidelity eye-tracking systems. Bridging this final mile may

require integrating physiological signals (e.g., EEG, BCI) or leveraging deep semantic context

models (e.g., LLMs reasoning over interaction history) to infer intent even in the absence of

explicit speech.

6.3.2.1 The “Horse Blinder” and “Midas” Effects

Externalising attention introduces two distinct behavioural effects: the exploration-limiting

“Horse Blinder” effect and the performative “Midas” effect.

The “Horse Blinder” Effect: Our analysis (Section 5.2.1.2) shows that the CoV acts as

an attention container, causing users to concentrate almost exclusively within the highlighted

area. While this limits peripheral awareness, akin to “attentional narrowing” [217, 218]— it also

offers specific benefits; for instance, a participant with ADHD reported that the containment

helped reduce distractions (Section 5.3.1). Future work should investigate how CoV sizing can

balance this trade-off between tunnel vision and useful guidance.

The “Midas Touch”: The “Midas effect” describes the dilemma where natural behaviours

are interpreted as intentional commands [219, 220]. In our context, exposing gaze and speech as

shared cues created a feedback loop: participants became aware their behaviours were driving

the visualisation and adapted them to “game” the system. For instance, participants reported

using more intentional language or issuing spatial commands specifically to reshape the CoV
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(Figure 5.7, Figure 5.9, Section 5.3.3). While this makes communication less natural and more

performative, it paradoxically acts as a mechanism for clarity, encouraging users to be more

deliberate in their signalling.

6.3.2.2 Integration of Head and Eye Gaze for better Attention Cues

Participants in several experimental conditions reported that the CoV was easier to track than

eye-tracking-based methods, primarily due to its stability. In contrast, the erratic movements

of eye-tracking cursors proved distracting for some, highlighting the trade-off between stability

and precision. While eye-tracking offers greater accuracy in pinpointing visual attention, its

rapid and sometimes unpredictable movements can be overwhelming (Section 5.3.1). The CoV,

based on head movements, provides a smoother and more stable representation, albeit at the

expense of precision. Even in headsets equipped with eye-tracking, head direction could be

concurrently utilised to enhance visual attention estimation. This suggests that a combination

of head and eye tracking may offer the best of both approaches, balancing stability and precision

to create a more effective and user-friendly visualisation of attention. Future research should

explore the potential for multi-modal integration between head and eye tracking to develop a

more comprehensive and functional representation of user behaviour. This approach could lead

to a more stable and less distracting method of visualising attention, improving the efficiency

of collaboration in XR environments. Additionally, expanding the use of speech as an input,

coupled with more advanced natural language processing techniques, could further enhance the

system’s ability to interpret collaborative speech and improve the accuracy of visual attention

estimation.

6.3.3 Asynchronous Collaboration

With the rise of global, time-distributed teams [221, 222], there is a significant opportunity

to extend the Speech-Augmented CoV to support asynchronous collaboration. By transform-

ing synchronous traces of visual attention and speech into persistent artefacts, future systems
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could facilitate knowledge transfer across different time zones. This opens three key research

directions.

First, future work should explore auto-generating annotation units. Unlike raw video segmenta-

tion [223, 224], XVA environments provide structured semantic data (speech, head pose, object

labels) that allows for more robust segmentation. These units could be defined via simple spa-

tial heuristics (e.g., joint dwell time) or derived from spatially grounded models, such as spatial

LLMs [225], that reason over the shared 3D context.

Second, the visual representation and navigation of these units warrants investigation. Anno-

tations could take the form of static summary cards anchored to specific semantic regions, or

continuous representations like attention heatmaps, where intensity serves as a spatial metaphor

for time—allowing users to click ”hot” regions to jump to relevant moments in the recording.

Finally, systems should investigate context-aware resurfacing, where past discussions are au-

tomatically presented to an asynchronous user based on their real-time visual focus or verbal

queries, dynamically bridging the gap between past insights and current tasks.

6.4 Closing Remarks

This thesis has explored innovative ways to close the gap between low-cost, eye-tracker-less

XR headsets and high-end, eye-tracking-enabled models. By demonstrating that multimodal

reconstruction can reduce ambiguity without relying on expensive hardware, this work validates

a shift from merely replicating gaze mechanics to visualizing the higher-order of attention.

The advancements presented here establish that leveraging natural collaborative behaviours is

not just a workaround, but a fundamental requirement for intuitive, hyper-productive spatial

computing. The journey towards an inclusive and accessible XR future is ongoing, and this

work represents an important step towards realising that vision.



Bibliography

[1] Mario A Rojas-Sánchez, Pedro R Palos-Sánchez, and José A Folgado-Fernández. System-
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