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Fig. 1. Anillustration of a transition-aware interface, in which the system automatically brings a subset of all AR applications that are
relevant to the user’s task space after the user transitions to a new space to seamlessly support their task activities. Left: in the kitchen
environment, the Recipe, Fitness, Notes, Clock, Weather, and Video apps were opened; Right: when the user moves to the office, the
system brings the Note and Weather app, and automatically opens the Email, Calendar, Message apps to be ready to assist with
productivity tasks, as well as the Reading List and Plant apps that are relevant to the office environment.

Abstract— Future augmented reality (AR) glasses empower users to view personal applications and services anytime and anywhere
without being restricted by physical locations and the availability of physical screens. In typical everyday activities, people move around
to carry out different tasks and need a variety of information on the go. Existing interfaces in AR do not support these use cases well,
especially when the number of applications increases. We explore the usability of three world-referenced approaches that move AR
applications with users as they transition among different locations, featuring different levels of AR app availability: (1) always using a
menu to manually open an app when needed; (2) automatically suggesting a relevant subset of all apps; and (3) carrying all apps
with the users to the new location. Through a controlled study and a relatively more ecologically-valid study in AR, we reached better
understandings on the performance trade-offs and observed the impact of various everyday contextual factors on these interfaces in
more realistic AR settings. Our results shed light on how to better support the mobile information needs of users in everyday life in

future AR interfaces.

Index Terms—Augmented reality, adaptive interface, glanceable interface, automation, mobile computing

1 INTRODUCTION

Augmented reality (AR) devices enable people to interact with their
physical surroundings and the digital augmentations displayed on top
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[5]. With the recent advancements in hardware, AR head-worn displays
(HWDs), or AR glasses, are becoming increasingly lightweight and
portable. Many believe that AR will replace mobile phones as the next-
generation mobile computing platform, empowering everyday users
to view and interact with digital information anywhere and anytime
regardless of the availability of physical screens [8, 30,44].

In typical everyday situations, people move around in space, carry
out different tasks, and need a variety of information on the go. The
needs for information are mostly prompted by concurrent activities,
environments, and location changes [23, 64]. One of the major benefits
that mobile phones bring to people’s lives is their ability to fulfill such
information needs conveniently. However, current AR interfaces are
not as efficient in handling these situations. Regarding existing state-
of-the-art AR operating systems (e.g., the Magic Leap One and the
HoloLens 2), AR content defaults to staying at a fixed location until
users manually move or re-instantiate it. To enhance the mobility of
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AR content, HoloLens 2 provides a tag-along interface for the AR
content to loosely follow the user’s body. However, it requires the
users to manually enable it, supporting only one piece of AR content
at a time in its full size for following the user, with the risk of being
distracting and obtrusive. These limitations assume that the main use
cases for AR are confined to a single space, limiting the mobility
and accessibility of digital content when users move around spatially
from one location to another. After entering a different environment,
users need to find and open/reopen the applications they need through
a universal menu interface, which could be cumbersome and time-
consuming in demanding everyday scenarios where hands are often
already occupied.

As such, recent research has explored the possibility of carrying
AR content with users while moving. Research has explored display-
referenced and body-referenced layouts to fix the AR content for users
to enhance their mobility [27,48,54,55]. The major limitation of these
approaches is scalability (i.e., when the number of applications in use
increases, it can be cumbersome and obtrusive to have all the applica-
tions follow the user everywhere). According to available statistics, an
average mobile phone owner in the US has more than 80 apps down-
loaded, uses 9-10 apps per day, and 30 apps per month [1,2]. Similarly,
it is likely that an everyday AR user would need access to a moderately
large number of different virtual applications.

Information needs change frequently depending on locations and
task activities. For example, the users may need the timer, recipe, and
the video streaming apps in the kitchen to get ready for cooking, and
need the email, calendar, instant messaging, and to-do list apps in
the office to conduct productivity work. Due to the system’s lack of
knowledge about such dynamic needs of the user, access to information
is provided either through the user’s manual interaction or through the
constant display of all the AR content, offloading the need to open any
app manually. However, both approaches can pose an extra workload
on the users. In manual interaction, as demonstrated in current systems,
the user needs to manually search for and reopen the needed appli-
cations every time they are needed in a new location, which implies
low availability of information and a high physical or mental workload.
Constant display of all the AR content can ensure high availability of in-
formation, but at the cost of inducing information overload, distraction,
and unwanted occlusions of the real-world environment, especially
with the scaling of the number of AR applications.

One alternative could be that we partially offload the user’s input
to the system [31,56]. In recent mobile phone interfaces (e.g., Apple
i0S’s contextual suggestions), the system suggests which applications
to open based on location, time of day, and the user’s interaction history.
Similarly, an AR system could intelligently surface a subset of the
total applications with a higher probability of being needed at the
new location. Not only could this approach alleviate the information
overload issue by having a smaller number of applications open, but also
the prediction made by AR displays could theoretically lead to a higher
level of accuracy than current mobile devices given the hardware’s rich
sensor capabilities [3,22,37,38,56,62]. Recent SDKs such as ARKit
RoomPlan ! and Quest Scene API 2 provides support for automatic
mapping of indoor room layout with limited amount of manual input.
These information could then be retrieved by other applications after an
initial setup. By inferring the user’s tasks and upcoming destinations,
the AR display could surface the corresponding applications in advance,
being ready to accompany the tasks and assist the users seamlessly
after their arrival. We acknowledge that accurately predicting user
intent remains an ongoing challenge in the research community, though
recent work has shed light on such possibilities with the advancements
of multimodal Al [25,49]. Our work explores the usability of such
approaches, by having relevant information automatically appearing at
the destination of user transitions.

In this work, we investigated how to enable the efficient acquisition
of information in AR applications when users transition across multi-
ple spatial locations, taking into account availability and scalability.

Uhttps://developer.apple.com/augmented-reality/roomplan/
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Specifically, we explored three interface designs after the user transi-
tions spatially from location A to location B: (1) None: all previously
opened apps disappear, and the user needs to manually (re-)open apps
through a menu, similar to existing solutions; (2) Some: the system
intelligently opens some relevant applications in location B, with the
possibility of needing to use the menu if the needed app is not auto-
matically opened; and (3) All: the system automatically opens all the
applications in the new space. Through two user studies simulating how
everyday users transition across multiple spaces and need information
on-the-go, we investigated the trade-offs among the three interfaces
both objectively and subjectively by answering three questions: (1)
How is user performance of accessing information impacted when
availability and the number of total apps increase? (2) What are the
perceived agency, usability, and workload of the interfaces? (3) How
do different contextual factors influence the user’s preference of these
interfaces? Our study is one of the first to explore the scalability and
usability of AR interfaces through ecologically valid simulation of
in-situ transitions.

The main contributions of this work are five-fold: (1) design ex-
plorations of three interfaces that support the user’s mobile informa-
tion needs during spatial transitions; (2) an initial exploration of user
performance trade-offs of these interfaces when the number of AR
applications scales through a controlled simulation study; (3) investi-
gations of trade-offs among these interfaces in different contexts; (4)
evaluation of user preference through a more ecologically-valid AR
study; and (5) discussions of our unique lessons learned while taking
into consideration user performance, usability, workload, preference,
and usage patterns in comparison to prior work.

2 RELATED WORK
2.1 Everyday AR and mobile information needs

With the advancements in hardware, recent AR/MR devices are becom-
ing increasingly lightweight and are reaching the everyday consumer
market for productivity and entertainment purposes® 4. However, devel-
opments in interface and interactions seem to be lagging behind, with
most existing solutions focusing primarily on uses in a single confined
static space. However, users are often on the move while needing
access to digital services concurrently [17, 18,41, 64]. For example,
Church & Smyth found that on-the-go was the most frequent location
context where information needs arise [18]. Sohn et al. found that 55%
of the user’s information needs on-the-go were addressed late or left
unaddressed. 72% of the overall information needs were prompted by
locations, tasks, and activities of the users, in which location was the
most prominent trigger (34.6%) [64].

As such, research has investigated interfaces that are more light-
weight and mobile-friendly in order to support on-the-go access to AR
content [27,29,48,51,54,55]. For example, Lages & Bowman looked
into adapting AR windows from world-anchored to body-anchored for
access during walking [48]. Lu and colleagues explored display and
body-referenced metaphors for convenient access to AR applications
in everyday scenarios [54,55]. Pfeuffer et al. proposed Gaze+Pinch,
a lightweight multimodal interface for everyday interactions with Uls
in AR/VR [60]. These work shed light on adaptable Uls to assist with
continuous interactions with AR apps on-the-go.

Although adaptable Ul offers more user agency and consistency, it
demands user feedback sporadically, which may be nonideal in heavy
and dynamic scenarios. Motivated by this, research also explored adap-
tive interfaces which spontaneously react to contextual changes. Early
work in view management explores adaptive layout of 2D labels in
users’ viewport to prevent occlusion and cluttering using optimization-
based methods [7,35,46]. Tatzgern et al. proposed adaptable informa-
tion density, in which groups of AR labels fold and unfold themselves
based on user preference and interactions [68]. Lindlbauer et al. ex-
plored AR interfaces that automatically adjust level of detail and frame
of reference of AR content for minimizing distractions and offering task
assistance [51]. Belo et al. deployed a adaptive UI toolkit for optimizing

3Meta Quest Pro: https://www.meta.com/quest/quest-pro/
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the placement of 3D Uls according to a set of objectives [28]. Addi-
tionally, Diverdi et al. proposed level of detail interface, which adapts
its level of information displayed based on the user’s distance to it [24].
Gebhardt proposed a model-free reinforcement-learning method for
adapting the visibility of AR labels in virtual environment [34]. These
work shed light on how visibility of AR content should be automatically
adapted to support rather than overwhelming the users.

In this work, we focus on adaptive and world-anchored Uls for
mobile-friendly information access in AR, which has been covered
by limited prior work. By situating content in 3D physical locations,
they could interfere with the user’s view less [50], possess spatial
consistency [26], and leverage the semantics of the environments and
objects in the physical scene to memorize and make sense of where and
why a piece of AR content was placed [14,57]. In this study, we focus
primarily on such possibilities, by exploring scalability and usability
of world-anchored approaches to adapting AR interfaces for on-the-go
access.

2.2 Environmentally-adaptive MR interfaces

Advancements in computer vision and tracking enable recent AR/MR
devices to possess a decent level of scene understanding. For example,
Microsoft HoloLens and Magic Leap construct a spatial mesh in real
time, the data of which is accessible through API calls. Apple’s ARKit
also recently released their RoomPlan API for iOS, which allows an
AR app to generate a floor plan for the room after a quick scan’. These
developments lower the barrier for developers to access environmental
data and lead to huge potential for future AR/VR interfaces to leverage
the dynamic physical environments that surround users to place AR
content for continuous, rapid, and convenient acquisitions.

In earlier work, Gal et al. explored algorithms for rapid deployment
of AR content in a physical environment taking into account the scene
geometry [33]. Nuernberger et al. explored techniques that enable
precise positioning of AR content while considering the characteristics
and constraints of physical scenes [58]. Sra et al. explored procedural
generation of virtual environments according to the scanning of the
user’s physical environment [65]. Lindlbauer and Wilson proposed a
system that utilized 3D depth captures to recreate a physical room in
MR [52].

These projects focused on adaptation of virtual elements to a single
physical environment. More recently, Ens et al. explored ways of
laying out AR windows across multiple physical environments consis-
tently across space while maintaining their spatial relationships [26].
Caetano and Sra proposed AR{y, a pipeline for adapting AR content to
multiple physical scenes without requiring user intervention and anno-
tation [11]. Han et al. studied blending AR windows on top of physical
objects in any environment using optimization-based methods [39].
Cheng et al. proposed layout adaptations of MR interfaces according
to the semantics of multiple scenes and the affordance of physical
surfaces for interactions [14, 15]. Lu & Xu studied automated AR in-
terfaces to support user transition across multiple environments, which
we consider the most relevant to our work. Although the work also
researched the usability of manual and automated interface solutions
that support application acquisitions during user transitions, the study
was conducted in a simulated setting similar to other prior works in the
literature. There is lack of empirical evaluations of such approaches
in a AR setup with when users actually physically transition across
multiple physical environments, instead of in simulated VR environ-
ments. Moreover, questions about the user performance of accessing
information from world-referenced AR content adapted across multiple
physical environments, and user preference during different user tasks
and activities, remain unanswered. In this work, we attempted to fill
this gap by studying such approaches in relatively more realistic AR
scenarios involving user transitions and tasks across multiple room
spaces in a large physical environment.

Shttps://developer.apple.com/augmented-reality/roomplan/

2.3 Performance modeling and scalability

Modeling user performance is critical for developers to understand how
different factors impact task completion time and make the best design
choices in order to maximize efficiency. Notable user performance
models in HCI include Fitts’s Law [32] and KLM/GOMS [12]. Similar
models have been extended to phones [42], smartwatches [4], and in
VR/AR [10, 16,47]. There has been extensive work or modelling user
performance in the context of traditional 2D menu designs using motor
and cognitive models. Given the extensive literature, we direct the
readers to [6] for a comprehensive survey.

Hornof et al. proposed EPIC, a cognitive architecture to predict
target selection time. Pfeuffer & Li modelled the performance of
mobile grid menus based on the number of items and user behavior
[60]. Cockburn et al. proposed that the performance of completing an
action in a menu could be separated into item pointing time and item
search time, where the latter was linearly correlated with the number of
candidate selectable items (V) in the menu interface for inexperienced
users [20]. Cockburn and Gutwin also found that for menus with
random item ordering, the performance is linearly correlated with
N. However, for alphabetically-ordered menus, the time is linearly
correlated with the logy(N) [19]. How does the interface perform as
the number of items/applications in the interface increases remains an
open question in AR/VR. We define this as the scalability issue, which
we consider crucial to AR/VR applications given its ability to overlay
large amount of information in front of the users. Our work serves as an
initial exploration of the role of scalability during transitional activities
in AR setting.

3 INTERFACE DESIGNS

To explore the best ways to support on-the-go access of AR content
when users move across multiple locations, we distill three design
considerations. Although these design considerations have been well-
articulated in prior work on AR interface designs, in this work we took
a novel perspective by exploring how these guidelines could be further
employed and combined to deploy scalable AR interfaces in transition
scenarios.

* DCI1. Availability of information [14,24,34,51]: how many
applications are readily available after the user moves to a new
space

¢ DC2. Clutter caused by the virtual content [7,55]: how obtru-
sive or cluttering the virtual apps are over the physical environ-
ment.

¢ DC3. Level of required manual interaction [31,56]: how much
effort is needed from the users to manually open the apps they
need.

When the user transition to a new space, an interface with a low
availability level minimizes the level of clutter, thus keeping the real
world visible. However, it relies heavily on the user’s manual input to
open new apps. In contrast, an interface with a high availability level
reduces such manual effort required to manually open any AR apps,
but may come with the cost of cluttering the scene and bringing in less
relevant information.

Consider an example scenario in the life of a typical everyday AR
user. The user has a number of AR applications opened and placed in
one location (e.g., the living room) (see Fig. 2 (a)). They rely on these
AR apps to quickly obtain and be aware of certain information to assist
their real-life tasks. At some point, the user decides to transition to
another location (e.g., the kitchen) for some tasks. We propose three
interfaces that reflect different levels in each design consideration to
support the user’s tasks after spatial transitions:

3.1 None

The first condition, None, represents the existing solution to access a
piece of AR content in a new space. In the None condition, when users
arrive at a new location, all virtual content is still in the old location.
To retrieve a piece of AR information placed in the previous location,



Fig. 2. Example scenarios of using the three conditions: (a) the user is in the office with a set of AR apps opened and placed around, and decides to
go to the kitchen. (b) None: in the kitchen, the user loses access to the apps in the office, thus having to use a menu to (re-)open the AR apps that he
needs. (c) Some: the system opens the kitchen-related applications automatically for the user (e.g., recipe, timer, shopping list, fitness). However, the
user would still need to use the menu to open other apps. (d) All: the system automatically opens all AR applications and places them in the kitchen.

users have to visually search for the app in a menu and reopen it
manually (see Fig. 2 (b)). This condition, therefore, has low availability
of information and a high level of required manual input, but avoids
cluttering the new location with apps that might not be needed.

3.2 Al

In the second condition, All, the system automatically brings all AR
content with the users to the destination, whether it is needed or not.
As such, users would be able to access any AR application without
reopening it (see Fig. 2 (d)). However, if the number of AR applications
increases, it may cause visual clutter and increase the time for the user
to find a target application. This condition features high availability of
information and a low level of required manual input, but comes with
the cost of clutter and intruding on the user’s physical environments
and tasks.

3.3 Some

As indicated by previous research, location is one of the most frequent
trigger of information needs [18, 64]. As such, we believe a system
which understands the environment that the user is moving to could
be promising and supportive in supporting information needs. In the
third condition, Some, the system is aware of the new location after the
transition process. As such, in the Some condition, the system automat-
ically opens the applications relevant to the new location. For example,
if users move to the kitchen, the system would open the Recipe, Fit-
ness, and Timer applications automatically and place them at the same
relative positions (see Fig. 2 (c)). Therefore, no manual interactions
would be needed if users want to access any of the destination-related
applications. However, there will also be cases where the user wants
to refer to an app that is not opened automatically. If this happens, the
user would still need to use the menu to open the application, similar
to the None condition. This condition features medium availability
of information, medium levels of clutter, and a low level of required
manual input. We see this condition as a balance between having no
and all apps opened, and a promising way of leveraging the spatial
capabilities of the AR head-worn devices to seamlessly support the
user’s transitional activities across multiple physical spaces.

In this work, we thoroughly study the three interface solutions.
Through two user studies, we aimed to reach a better understanding
of the trade-offs among them both objectively (i.e., performance) and
subjectively (i.e., usability, agency, contextual preference).

4 STUDY 1: PERFORMANCE TRADE-OFF EXPLORATIONS
4.1 Research Questions

In the first study, we aim to conduct an initial and formative exploration
of the performance trade-offs of three interfaces in relation to scalability.
We aim to answer two research questions in this experiment.

A virtual board of AR apps laid out spirally

Highlighted app I
simulating prior <+———&} 6}
knowledge 3

Location B

Location A

Fig. 3. The task scenario, in which two “locations” were simulated by
two squares A and B in AR. Participants were asked to move from one
square to another and find a target AR application.

* RQI1.A. How does the total number of virtual applications af-
fect user performance of retrieving a target app after a spatial
transition?

* RQ1.B. What are the trade-offs between the availability level of
the AR applications, the required manual interactions, and the
visual clutter after the user’s spatial transition?

4.2 Study Design
421

We used a Magic Leap One AR headset for the study. Participants had
access to a set of AR applications on a virtual board in each of two
locations (shown as squares on the floor) in the lab. The virtual board
of each square (and the AR apps on the board) was only visible when
the user was inside the square. To reduce the potential confounding
variables, the AR apps were simulated with a red background and a
random icon. They were arranged in a spiral format on the virtual
board in front of the users (see Fig. 3). While this setup resembles
a 2D menu which has been well-studied in the literature, we believe
that the following differences are unique in AR/VR settings: (1) users
need to perform physical locomotion in the task with controllers for
3D selections; (2) users need to visually search for targets situated both
in the environment and in the menu interface. The total number of
AR apps varied from 8 to 28 with a gap of 4 (i.e., 8, 12, 16, 20, 24,
28). We define the number of suggested apps (i.e., nl) in Some as 6,
which we believe is a reasonable number for users to browse through
without causing heavy mental or physical workload. Interaction with
the applications were achieved through raycasting, a popular 3D UI
technique in AR/VR.

AR apps



Fig. 4. (a) The system highlighted four apps for users to click through
before transition, simulating prior knowledge; (b) the system asked the
user to find one of the four apps after transition with an icon appearing
on the controller; (c) in the None condition, the users pressed a button
to use a menu to reopen the app; (d) the user clicked on the correct
app using the controller to finish the trial; (e) in the Some condition,
the system opened the first six apps in the new location, while the rest
needed to be accessed through a menu; (f) in the All condition, the
system opened all apps in the new location. In the tasks, the layout of
the apps remained unchanged before and after transition in a single trial,
but was randomized between ftrials.

4.2.2 Transition

By quantifying user performance when the number of AR apps varies,
we were able to understand the trade-offs among different interface
solutions and study which interface would lead to the optimal perfor-
mance with different numbers of apps. To simulate the spatial transition
procedure (i.e., moving from one space to another) in the real-world as
much as we can while collecting sufficient data samples, we designed
a task which requires participants to move between two “locations”,
A and B, back and forth in the real world repetitively. Each “location”
was simulated by a 51 inch by 51 inch square on the floor. Six inches
separated the two squares (see Fig. 3). In each trial, participants would
start in either square A or B, depending on where they left off in the
last trial, then transition to the other square and find the target app with
the icon indicated on the Magic Leap One controller (see Fig. 4 (b)). At
the beginning of each trial when users were located in the first square,
the virtual board showed all the AR apps to the users, giving them a
sense of the total number of the AR apps and the position of each app.
After the user went to the new square i.e., the AR headset enters the
square boundary on the floor (see Fig. 3), whether users could still see
the AR apps on the virtual board depended on the interface condition.
In the None condition, all AR apps were invisible (see Fig. 4 (b)), and
the user had to click on a button on the handheld controller to activate a
menu, point the controller ray at the target icon and press on the trigger
button to reopen the target app (see Fig. 4 (c)), then click on it in the
virtual board to finish the trial (see Fig. 4 (d)). In the Some condition,
the system brought six apps with the user and show them on the virtual
board at the new location (see Fig. 4 (e)). If the target app was in the
six apps, the user could click on it to finish the trial. However, if the
target app was not in the six apps, the user needed to open the menu
to check the list of unopened apps and open the target app manually,
similar to the None condition. In the All condition, the system brought
all the apps with the users to the new location. The user needed to
locate the target app and click on it with the controller to finish the trial
(see Fig. 4 ()) .

4.2.3 Simulating prior knowledge with the apps

In everyday scenarios, when mobile phone users want to open an app,
they would often roughly know which screen it is and where it is located
on the screen due to their familiarity with the layout of the apps. In
this study, we tried to simulate such “prior knowledge of the apps” by
asking the users to click through four AR apps on the virtual board at
the beginning of a trial, and having the target app be one of the four apps

after the user transition to the other square. Since the arrangement of
the AR app remain unchanged in a trial, the user could locate the target
app easier by recalling where it was during the clicking procedure,
similar to how we would find an app on our mobile phone.

To summarize, in a single trial, participants were asked to (1) click
through four apps in the first location and try to remember what and
where they were; (2) walk to the other square; (3) find the target app
indicated on the controller on the virtual board; (4) click on it with
the controller to finish the trial. In the Some condition, the target app
was in the six apps that the system automatically opened on the board
in half of the trials (we call this condition Some-Space), while in the
other half of the trials, the user had to open the app manually through
the menu (we call this condition Some-Menu). As such, participants
experienced Some-Menu and Some-Space conditions all at once as a
combined Some condition. The trials were randomized so participants
had no idea whether the target app would be in the six apps the system
suggested prior to each trial. The goal of this was to mimic real-life
experiences of using Some (i.e., the desired app could be suggested
or found manually, which is not known to the users), thus making the
derived overall model more valid. The order of the None, Some, All
interfaces was counterbalanced using a full Latin-Square design We
doubled the number of trials in the Some condition so the number of
trials in each circumstance was equal to the number of trials in either
the None or the All condition. As such, we collected in total 6 (values
of N) x 4 (interface conditions: None, Some-Space, Some-Menu, All)
x 3 (repetitions) = 72 trials for each participant.

4.3 Participants & Study Procedure

We recruited thirty participants (9F/21M) from a local university with a
mean age of 22 years old (SD = 3.73). Fifteen participants had little to
no experience with AR prior to the study. The experiment, which was
approved by our university ethics board, was divided into six phases. In
the first phase, participants were asked to read and sign the consent form.
In the second phase, they were asked to fill out a pre-study questionnaire
to collect demographic information and prior experience with AR. In
the third phase, participants were given a detailed introduction to the
experiment background, hardware, the three interface conditions, and
the tasks involved in the study. When participants had no further
questions, in the fourth phase, we helped participants to put on the
AR HWD, and participants were asked to complete the fitting guide
program of the Magic Leap One to calibrate the display and determine
the ideal size of the forehead-pad and nosepad. Fifth, participants
experienced each of the three conditions one by one. The order of the
three interfaces was counterbalanced using a full Latin-Square design.
Before completing the experimental task in each condition, a training
session was provided to get participants familiar with the interactions.
After each interface condition, participants were asked to fill out a
few questions about what they liked or disliked about the interfaces.
Each condition took about three to six minutes. Last, after finishing all
conditions, participants were asked to rank the interfaces based on their
own preferences and explain their ranking choices in a short interview.
The entire experiment took about 30 minutes. Participants were allowed
to take a break anytime in between trials.

4.4 Results

We collected in total 30 (number of participants) x 6 (values of N) x
4 (interface conditions) x 3 (repetitions) = 2160 trials. We removed
the outliers that deviated by at least two standard deviations away from
the average selection time in each interface condition [36,47]. As
such, a total of 88 trials (4.07%) were discarded, yielding a total of
2072 data points. We conducted a series of analyses to explore the
trade-offs between the interfaces. For objective measures, we used a
two-way repeated-measures ANOVA (RM-ANOVA), with interface
condition and N (number of apps) as the two independent variables. A
Greenhouse-Geisser correction was applied for violations of sphericity.
For subjective measures, we applied Friedman tests and Wilcoxon
signed-rank tests for pairwise comparisons. We used an o level of
0.05 in all significance tests. Bonferroni correction was applied to all
pairwise comparisons.
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Fig. 5. Regression analysis between the average time (Y-axis) it took
for each condition to find the target app and the numbers of apps in the
interface (X-axis). Strong linear relationships were indicated for None,
Some-Menu; and All conditions..

441 Time
The results from RM-ANOVA show that both interface (F; 083.172.915 =
853.152,p < .001,1]}27 = 911) and number of apps (Fsa15 =

45.570,p < .001, n[% = .285) have a significant main effect on the time
it took for participants to select the target app after moving to a new
position. We also identified a significant interaction between inter-
Jface and number of apps (Fy 575 794.766 = 3.373, p < .001, ng =.039).
When the number of apps increased, None, All, and Some-Menu led to
longer search time, while the time required for Some-Space maintained
a similar level.

Post-hoc analysis revealed that None yielded a significantly shorter
time in general to find the target app as compared to Some-Menu
(p < .001), while longer as compared to All (p < .001) and Some-
Space (p < .001). Some-Space yielded a significantly shorter time to
obtain the target app as compared to Some-Menu (p < .001) and All
(p = .004). Some-Menu led to significantly longer time as compared to
All (p < .001).

The linear regression was conducted for all interface conditions.
As shown in Fig. 5), we identified strong linear relationships (with
R? > 0.9) between the number of apps and None (R% = 0.962), Some-
Menu (R* = 0.937), All (R* = 0.961) and a moderate linear relationship
(with R? > 0.6) for Some-Space (R* = 0.679).

4.4.2 User preference

Overall, All was selected as the most-preferred interface by 20 partici-
pants (66.67%). None was ranked as the least-favored interface by 16
participants (53.33%). For Some, 8 participants (26.67%) ranked it as
the most favored interface, and 14 participants (46.67%) ranked it as
the second-favored interface.

4.5 Discussion
4.5.1 Performance trade-offs

There was no intersection between the regression lines of None and
All, which means that in our study, participants would always perform
better with All as compared to None no matter how the number of
apps scales. Meanwhile, All and Some-Space should have a similar
performance when N equals the number of suggested apps in Some,
which was 6 in the study. However, our results show that the two lines
intersected when N = 13.4. This means that when 6 <N < 13, even
in the best-cases of Some when the users only needed to search within
a list of 6 apps, All still resulted in a better performance. We surmise
that the major reason for this was that the simulated prior knowledge
lowered the time it required to find the target apps when N increased in
the All condition. In the interview, 18 out of the 30 participants (60%)
commented that they felt that the procedure of learning where the target
app may be located was more helpful in the All condition as compared

to others. Instead of having to search the entire board, participants
only had to search within four “areas”, which remained consistent in
All. Even though remembering the exact locations of the “areas” could
become more challenging when the number of apps increased because
the areas would often be located outside the FoV, knowing where the
target app might be still reduced the required search time by removing
the need to aimlessly search in random areas on the board. The fact
that all apps were always in front of the users also excluded scenarios
where the user has to search around them in order to find a target app,
thus leading to a more ideal situation with the A/l interface.

The other factor that may have made the prior knowledge more
helpful in All than the other two interfaces was the visual consistency
of the apps prior to and after transition. One participant commented:
“The best part about this condition (All) is that, since the layout is
consistent and static, memorizing the locations of the apps between
positions A and B is quite easy.” Such consistency in layout and
visibility allowed participants to directly apply the knowledge they
learned to the new location, which would not likely be the case in
actual real-world scenarios where locations will look quite different.
However, in Some or None, the system only showed some apps or
no apps, causing visual distinctions between layouts across the two
locations. As such, some additional mental processing was needed
to apply the prior knowledge learned. We surmise this helped lower
the slope of All to be at similar levels with None and Some-Menu
conditions. Without the benefits of such consistency, the additional
time required for users to locate a piece of content could be higher with
the increment of N, making All less applicable when N is large. Our
results revealed the benefits of maintaining the physical layout of the
AR apps in the space to shorten the time required to find the target app
when the number of apps increases.

The design of the menu could also be the reason why participants per-
formed worse in the None and Some-Menu conditions. The intercepts
of the two interfaces which require menu interactions (i.e., Some-Menu
and None) is around three seconds larger than those which does not
(i.e., All and Some-Space) highlight the importance of efficient menu
designs. One major issue about the menu was its size. We designed the
menu to be small so users could easily skim through it without having
to look around too much, which, as mentioned by a few participants,
posed challenges for them to pin-point an icon with the controller. The
other major issue was about the arrangement of the icons in the menu.
Since the apps were simulated by icons without names or semantics,
the only way to find a target app in the menu would be to go through the
entire list, which would be less likely to happen in everyday situations
where the icons would be alphabetically ordered or categorized. With
more efficient menu designs, the upper bounds for the derived None
and Some-Worst models could be further lowered.

4.5.2 Understanding the overall performance of Some

Our work suggests a linear relationship between selection time 7" and
number of items N, which aligns well with prior work in 2D menu
performance modeling by Cockburn and colleagues [19,20]. Assuming
such linear relationship holds when N keeps increasing, given the re-
gression result of Some-Menu and Some-Space, we were able to explore
the performance of Some overall, which is a weighted combination
of Some-Menu and Some-Space depending on the probability that the
needed app is one of the six apps that the system suggested. We adopted
two strategies: (1) when the apps are chosen at random, which means
a larger value of N would result in a lower probability; and (2) when
the probability reflects the performances of state-of-the-art Al systems,
such that the likelihood of the needed app being chosen is high, regard-
less of the value of N. Fig. 6 illustrates the derived performance models
for None, Some, and All based on the number of total AR apps.

In the first exploration, we assume that the system selects six apps
randomly from the pool of all apps. As such, the probability of the
needed app being inside the suggested list would be %, which decreases
with the increment of N. As such, Some-Overall outperforms None all
the time. However, All would always be the more efficient option no
matter how N scales (see Fig. 6 Some(Worst)).

In the second exploration, we assume the prediction accuracy to be
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Fig. 6. The final performance models for None, Some, and All with
respect to the number of total applications (green area indicates the
possible range of performance of Some). None always performs the
worst. The good version of Some may outperform All when the number
of AR apps is large.

at a fixed value. We assume that the accuracy of the needed app being
one of the six recommended apps stays at 95%, in line with prior work
on recommendation systems [13,63]. As such, the performance model
of Some-Overall here symbolizes the best-case overall performance
of Some (see Fig. 6 Some(Best)). In this case, Some would always
outperform None, and outperform A/l when N is over some threshold.
Overall, through a controlled exploratory study, our results success-
fully demonstrated that the trade-off exists among the three interfaces
when the number of applications differs. It appears that our result
strongly favored A/l as the solution for transitioning AR apps on-the-go.
However, our study simulates an ideal situation of the A/l condition, in
which we assumed (1) all AR apps were directly in front of the user
without the need to search around; (2) the layout of the AR apps re-
mained exactly the same before and after the transition; (3) the user was
not required to pay attention to the real-world environment that could
be occluded by the AR apps. The Some condition, although performing
worse than we thought, still has merit if the number of apps is larger
than a certain number when the system has perfect or nearly-perfect
accuracy in predicting the needed app. Therefore, accuracy plays an
important role in the usability of the Some condition, as a higher accu-
racy reduced the penalty of having to bring up the menu to retrieve the
app manually. One reason for the penalty being high in our study is
the design of the menu, as reflected by most participants. The constant
needs of calling the menu through a button press and using Raycasting
to select small targets made the interaction tedious and time-consuming
to perform repetitively. The menu has to be easy-to-use so the users can
easily recover when the system does not predict the needed app. Finally,
None, as a representative of existing solutions, always performed worse
than the other two interfaces. However, given the controlled nature of
the study, we acknowledge that the models derived here may be limited
by its presented task scenario and interface designs. Our results serve as
an initial exploration of the possible trade-offs among these interfaces
in order to verify our hypothesis and seek ways to further improve our
interface designs. We call for more modeling work in the context of
AR/VR that explores the scalability issues in more realistic setups with
content distributed around the user’s environment and optimized input.
Our initial study results demonstrated the trade-offs among the inter-
faces, and that each interface holds characteristics that could make it
more usable in a certain situation. However, we need a more ecolog-
ically valid study that compare these interfaces in actual AR settings
with physical user transitions. As such, we followed up with a second
study to further reveal such trade-offs, especially in the situation when
the number of needed apps is reasonably large.
5 STUDY 2: EVALUATING REALISTIC TRANSITIONS IN-SITU

5.1 Research Questions

In the first study, we revealed the performance trade-offs of each con-
dition and the importance of the menu design for optimized user ex-
perience in the None and Some conditions. In the second study, we

aim at exploring the three interface solutions in more ecologically valid
scenarios when the number of AR applications is reasonably large. We
aim at answering the following research questions:

* RQ2.A. With a relatively large number of virtual applications,
how well does each interface support information access tasks?

* RQ2.B. How do different contextual factors affect the user expe-
rience with and preference for the three interfaces?

* RQ2.C. What are the trade-offs among the three interface condi-
tions in relatively more ecologically valid simulations of everyday
scenarios in AR?

5.2

Based on the lessons learned from the first study, we made a few im-
provements to the menu interface. Instead of using the controller to
select the small icons in a world-referenced menu, which was cumber-
some and time-consuming, we adopted gaze + hand interactions [61]
(i.e., eye-tracking for selection and a hand-referenced menu) to further
lower user friction of interactions, making it more applicable to ev-
eryday tasks when a separate input device is likely unavailable. Users
could simply gaze at an icon in the menu to interact with it. The menu
appears next to the hand when the hand is in view (see Fig. 7 (b-d)). To
avoid the “Midas touch effect [45]”, we adopted an one-second dwell
time to strike a balance between speed and accuracy [53,55]. Inspired
by Pfeuffer et al. [59], we designed a two-stage dwell (reveal + selec-
tion). As such, participants start by settling their gaze at the same target
for 0.5 second to initialize the dwell and reveal the visual indicator (this
was to prevent the visual feedback from always appearing when users
scan through new menu items). Users then see a white outline around
the app icon gradually appearing as visual feedback (see Fig. 7 (c)).
Then an additional 0.5 second dwell was required to serve as confirma-
tion, leading a total of one-second dwell time, following prior work on
gaze-based activation techniques [53,55]. After gazing at an icon in
the menu for more than one second, the application would be spawned
from the menu location and smoothly move to its assigned location in
the space. As such, the user could perform quick interactions with the
AR apps without needing both hands, which would be convenient in
situations when users need to have their hands occupied by tasks in the
real world. In addition, we displayed the apps in alphabetical order in
the menu to make them easier to find.
We used the same three interface conditions as in study 1:

Interface Conditions

e None: After a user transition from one location to another, users
would lose access to all the apps they opened in the previous
location. Apps had to be opened manually from the menu, and
the icons of opened apps became opaque in the menu.

e Some: After a user transition from one location to another (i.e.,
when the AR headset enters the bounding box of the new space),
the system would automatically open the apps that are relevant to
the new location. In this study, the bounding box for each space
were predefined to encompass all the interactable physical spaces.
In real applications, the volume could either be the bounding box
of the scanned environment or manually defined by the user. The
new apps opened by the system would have their icons become
opaque with a blue star on one side to indicate that they had been
opened automatically by the system (see Fig. 7 (b-d)). The users
could make edits to the system-suggested apps by closing them or
opening new ones. To help the users keep track of what apps are
already opened and what are not, as commented by participants
in study 1, we added visual indications at the top of the FoV. The
apps opened in the current space will have their icons displayed
there for quick glances (see Fig. 7 (a-e)).

o All: Similar as Some, after the user’s camera enters the pre-defined
bouncing box of a new space, the system would automatically
open and place all applications. The user could make edits by
closing the apps with the menu. However, all apps would still
appear automatically at the next location.
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Fig. 7. A demonstration of using the menu in the Some interface: (a-b) The user raises the hand to summon the menu, the currently opened/closed
apps were shown as opaquef/transparent icons, and the system automated apps have a blue asterisk mark on the side; (c) the user gazes at the icon
for one second to open an app manually (a white border gradually appears around the icon as visual feedback for the dwell interaction; the icons in
the menu are alphabetically ordered for easy search); (d) the icon turns opaque, indicating that the app has been opened in space; (a-e) For Some,

the icons of the opened apps were shown on the top of the field of view.

5.3 System Implementation

The prototype was implemented on the Microsoft HoloLens 2. A
total of twenty AR apps were integrated into the system, including
Appliance, Book List, Calculator, Calendar, Chrome, Clock, Email,
Facebook, Fitness, Map, Message, Music, News, Notes, Plant, Recipe,
Sports, Stock, To-do List, and Weather. Each app consisted of an icon,
some images and/or a few lines of text. Each app had its own predefined
position at each location, which was designed to be consistent across the
three spaces. For example, the calendar app would always be located
on the right side after the user arrived at a new location facing the
entrance orientation. The reasons for this design choice were two-fold:
(1) an app would be placed automatically after being opened without
the need for the users to manually place it, which has been proven
to be important while relying on AR Uls for real-world tasks [56];
(2) the knowledge that users gain about where the app was located in
one location applied to all the other locations to maximize learnability
and minimize the required mental effort, as shown in the first study.
Users were not allowed to change the location of the AR apps, as our
study focused on the spatial transition rather than the placement or
arrangement of AR content.

5.4 Contextual Framework and Hypotheses

To study the user experience of these interfaces in a deeper and more
nuanced way than in study 1, we designed study 2 to examine the
influence of three major contextual factors that we hypothesized would
impact the user experience:

e FI1: Real world (RW) Priority. The first factor identifies whether
occlusion, distraction, or cluttering issues of the AR apps is a
problem in the current context, which is defined by how prior-
itized the real world is in a given context. If the real world is
prioritized, which means that the task requires careful monitoring
or engagement with objects in the real-world environment, users
may only want to open the necessary AR applications to avoid
occlusion, distraction, and visual clutter [21,59]. Hence, the None
may be more favored than Some and All. If the real world is not
prioritized, which means that the current task does not require the
user’s attention on the real-world environment, then users would
be less concerned if more AR apps are present in the physical
world. As such, the Some or All conditions may be ideal.

e F2: Workload. The second factor relates to how heavy the work-
load is for the user’s current task, indicating the bandwidth users

have available to interact with the AR applications. In lightweight
scenarios when the primary task is simple, the users would have
high cognitive bandwidth available, thus they may not care even if
they need to spend more effort to open an app manually. As such,
all three interfaces may work well. However, if the user is en-
gaged in heavy tasks in the real-world or the task is time-sensitive,
users may have little cognitive bandwidth available. In such situa-
tions, they would want to minimize the effort needed to perform
manual interactions to open an app, which brings advantages to
the Some and All conditions.

e F3: Task Relevancy/Specificity. The third factor refers to the
availability and relevancy of the AR apps to the tasks at hand,
which also means how specific the purpose of the task is. If the
user has a primary task with a specific purpose, which means
that users have a good idea of what apps they need for the given
task at the moment, the availability and relevancy of the AR apps
would be at stake to the users because the tasks highly depend on
the apps. In such cases, the Some interface may be best, since it
provides access to the most relevant apps for the current location
automatically. However, if the purpose is non-specific (e.g., when
the users has no specific task (i.e., just “hanging out”) but may
want to browse some AR information if they think of it, or where
the user has a task that is unrelated to any AR app, but may want
to browse some AR information as a secondary task if they think
of it), then the None and All conditions may be best, since they
allow the user to open or browse any app as desired.

In the study, participants experienced a set of predefined scenarios
which covered different combinations of these factors. Please refer to
the Appendix A for more details regarding the definitions.

5.5 Study Design
5.5.1 Scenarios & Tasks

To understand how these contexts impact the user experience of the
three interfaces in AR, we designed a user study with three goals: (1)
the task needs to simulate everyday scenarios that involve on-the-go
information needs with high ecological validity; (2) the task needs to
happen in a realistic AR setup in a scenario that the users are familiar
with; (3) the task needs to cover the six contexts in a balanced manner.

As such, we designed a study which involves embodied transitions
in a large multi-room physical space while wearing an AR HWD.



Table 1. Characteristics of the three physical rooms used in the study and the list of automated applications in the Some interface.

Room Space  Physical objects in Room Automated AR applications
Office laptop, desk, chair Email, Calendar, Message, Clock, Weather
Kitchen fridge, coffee maker, sink, kitchen counter ~ Recipe, Fitness, Note, Clock, Weather

Living Room TV, plant, bookshelf, table, chair

News, Stock, Reading List, Plant, Clock, Weather

Participants were asked to go through a set of role-playing scenarios in
the real-world environment while using the three interface conditions
to obtain information. In the scenarios, participants played the role of
an everyday AR user who moves around their own “home environment”
for everyday tasks while needing discretionary access to some AR apps
on-the-go. The “home environment” was a public indoor area located
on our local campus. It consisted of a kitchen, a living room, and a home
office (see Table 1 and Fig. 8). In each scenario, the user was asked
to start in one of the three locations, then transition three times, each
to a different location, and access some AR apps at the new location.
To cover the three contextual factors we mentioned earlier, we adopted
different combinations of the six contextual situations in each scenario
(i.e., see Appendix A - CI-C4, C7, C8). Each scenario included three
out of the six contextual situations, each triggered after a transition. As
such, a set of four scenarios would lead to twelve contexts, covering
each of the contextual situations two times in a balanced form. It is
noteworthy that we simulated these contextual factors to the best of our
abilities by (1) prompting participants about the current task and setting
using voiceovers (see section below); and (2) asking participants to
complete the simulated tasks that align with each setting (please see
Appendix B for examples of the scenario/task designs). For example,
in light workload scenarios, the task happened in a stationary setting
with less physical movements, while high workload tasks require users
to physically move around and/or visually search for targets.

To motivate the participants to transition to a different location, re-
fer to information in the AR apps, and conduct real-life tasks without
breaking immersion of the in-situ role-playing experience, we inte-
grated voiceovers of both third-person and first-person narrations as
instructions to guide participants on what room to go to next and what
task activity to perform. For example, for first-person narrations, par-
ticipants would hear “It has been a long day of work! I'd love to make
a coffee in the kitchen;” or “Oh no, the guest will arrive within an
hour. I need to clean the rooms as fast as possible!” For third-person
narrations, which usually followed right after a first-person narration,
participants would hear “You head over to the kitchen and make a cup
of coffee;” or “You search for trash in the room and collect it.” The
task for the participants was to follow the narrations closely and com-
plete the activities implied in the narration the same as how they would
approach them in everyday life. In the narration, participants were
prompted to check a piece of virtual content to assist their physical
activities, such as “you grab the ingredients in the fridge based on
the Recipe app;” or “you check the BookList app to see what books
you need from the bookshelf.” Participants then need to check the
corresponding virtual app, verbally read the content in the app, and
complete the prompted physical activity (e.g., grab ingredients, search
for books). The narrations were triggered by the experimenter who
walked alongside the participants through a wireless Xbox controller
so that the narration smoothly proceeded after participants successfully
accomplish the previous step. The order of testing the interface was
balanced through a Latin-Square. To mitigate potential learning effects,
the order of experience the four scenarios was randomized for each
interface. We also randomized the displayed content in the AR apps at
the beginning of each new scenario, and asked participants to follow
the narration and check the apps each time they were asked to.

5.5.2 Prediction Accuracy in Some

Table 1 shows the automatically opened applications for the Some
interface condition in each location in our prototype. The Clock and
Weather applications were automatically opened in each location, due
to their versatile uses and frequent needs in everyday cases. Other than
that, each space had 3-4 applications relevant to the location and the
tasks that happened there, and which would automatically open when

the user entered that space with the Some interface.

In the four scenarios we designed, we simulated good prediction
accuracy for the Some interface, backed up by recent successful research
in predicting information needs of users. Among the twelve transitions
with information queries in our four scenarios, three of them (25%)
Some did not provide the application required; thus, the users had to
manually open the app with the menu, simulating a 75% accuracy level.
We wanted to explore how users perceived their experience with the
Some interface with relatively good accuracy.

5.5.3 Participants & Study Procedure

We recruited twenty-seven participants from a local university. P1
was used as an initial pilot, and P11 & P27 were discarded due to
incomplete data logs caused by software issues. The study ended up
with 24 participants (4F/20M) with a mean age of 21 years old (SD
= 1.13) with complete data. Fourteen participants had little to no
experience with AR prior to the study.

The experiment, which was approved by our university ethics board,
was divided into six phases. In the first phase, participants were asked
to read and sign the consent form. In the second phase, they were asked
to fill out a pre-study questionnaire to collect demographic information
and prior experience with AR. In the third phase, participants were
given a detailed introduction to the experiment background, the concept
of AR, the hardware we used, the three interface conditions, and the
tasks involved in the study. When participants had no further questions,
in the fourth phase, we helped participants to put on the AR HWD,
and participants were asked to complete the eye-tracking calibration.
Fifth, participants were asked to open the experiment program and
were provided a detailed training session to get familiar with the AR
applications, their spatial locations, and how to open/close an app using
the menu interface. Participants were guided to have an initial with each
of the the three interfaces in each room space. They were encouraged to
spend extra time in the Some condition, in order to learn the locations
of the applications that the system would automate. The reasons for
this were two-fold. First, it would be challenging for participants to
remember the locations of all twenty applications from the the training
session. For ecological validity, we wanted participants to hold partial
knowledge of the apps’ locations, similar to people’s knowledge of app
locations on a mobile phone. Second, the apps in Some have a higher
probability of being needed, given that location is often the trigger of
information. In the training, participants were told that “Here are some
applications that you will likely need later, so it would be helpful if you
have some idea where they are located,” to avoid biasing them towards
a specific interface condition.

After finishing the four scenarios for each condition, participants
were asked to fill out a post-study questionnaire with a few questions
about what they liked or disliked about the interfaces. Each condition
took about 10 to 15 minutes. Last, after finishing all conditions, partici-
pants were asked to rank the interfaces based on their own preferences
and explain their ranking choices in a semi-structured interview. The
entire experiment took about 90 minutes. Participants were allowed to
take a break anytime after they finished a scenario, and were encouraged
to do so after they finished each interface condition.

5.5.4 Measures

Objective measures. To evaluate user performance on the tasks, we
computed: (1) the task completion time, i.e., how long it took a par-
ticipant to finish all four scenarios using an interface condition; (2)
distance travelled: how far the participant walked on average in the
study sessions of each interface; (3) amount of head rotation: how
much the user rotated their head each second, which could reflect how
much effort users spent looking for content in AR and/or the physical



Fig. 8. Deployments of the AR apps (i.e., the All interface) in the three physical room spaces for the transition task in study 2: (a) office, (b) kitchen,
and (c) living room.

surroundings. We consider these results less relevant due to the less
controlled nature of our study. We present these results in the Appendix
C.

Quantitative subjective measures. We used the System Usability
Scale [9] and two questions from the NASA TLX workload question-
naire [40] to gauge the usability, physical, and mental workload of each
interface. We also asked participants to rate their level of agency with
each interface using three questions adapted from Tapa et al. [67] to
gauge the user’s sense of being in control over the AR system. We also
measured how accurate they perceived the system automation to be
for the Some and All conditions using a single question “I felt that the
automated applications were accurate when I arrived at a new room.”

Qualitative subjective comments. In the interview, participants were
asked to comment on what they liked and disliked about each interface
condition. Additionally, they were asked to dive deeper and think about
how each of the contextual factors F1: RW Priority, F2: Workload,
and F3: Specificity of Needs impacted their preference.

5.6 Results

Similar to the first study, we used a one-way RM-ANOVA, with in-
terface condition as the independent variable. A Greenhouse-Geisser
correction was applied for violations of sphericity. For subjective mea-
sures, we applied Friedman tests and Wilcoxon signed-rank tests for
pairwise comparisons. We used an « level of 0.05 in all significance
tests, with Bonferroni corrections applied to all pairwise comparisons.

5.6.1 Usability & workload

RM-ANOVA identified a significant main effect of interface on the SUS
score with a large effect size (F1.604,36.880 = 10.343,p < .001,1][% =
.310). Post-hoc pairwise comparisons showed that Some (M = 84.79,
SD = 1.74) received a significantly higher usability score as compared to
All (M =70.833, SD =2.40) (p < .001). The difference between None
(M =80.21, SD = 2.68) and All was borderline significant (p = .066).

Regarding workload, Friedman test yielded a no significant main
effect of interface on the physical (x%(2) = 7.098, p = .076) and mental
(x*(2) = 3.528, p = .171) workload levels.

5.6.2 Perceived agency & accuracy

Fig. 9 (a) shows the average agency rating for each interface. The
Friedman test revealed a significant main effect of interface on agency
scores (x2(2) = 7.708, p = .021). Wilcoxon signed-rank tests found
that the None condition led to a significantly higher level of agency than
All (Z = —-2.620, p = .027). No difference was identified between None
and Some (Z = —2.201, p = .084) or Some and All (Z = —1.303,p =
.576).

Fig. 9 (b) shows the perceived accuracy level of the system automa-
tion in Some and All. A Wilcoxon signed rank test found that partici-
pants considered the automated applications after transitioning to a new
space to be more accurate in Some than All (Z = —2.049, p = .040).

5.6.3 Overall user preference

Fig. 9 (c) shows the preference ranking distribution of the three in-
terfaces among the 24 participants. Our results show that the Some
interface was favored by most participants (66.67%), with only one

Table 2. The number of votes each interface received under each contex-
tual situation, with the interface condition with the most number of votes
bolded.

Contextual Factors None Some All No Impact
RW Prioritized 17 13 0 1
RW Not Prioritized 3 16 6 1
High Workload 11 12 2 4
Low Workload 6 12 4 4
Specific Needs 4 21 0 1
Non-specific Needs 13 8 2 1
Total Votes 54 82 14 12

vote as the least favorite. In contrast, 19 out of 24 (79.17%) participants
ranked A/l as the least favored interface, with only one vote as the most
favorite. 13 participants (54.16%) ranked None as the second favorable
interface.

When participants were asked what they liked about None, frequently
appearing themes included easy/intuitive to use (8), being in control
(7), and less cluttering or occluding the real world (5). However,
participants disliked having to raise hand/reopen applications each
time (9) and the wait in the dwell (3).

For the Some interface, participants liked automatic opening of
relevant/necessary apps (12), semantic connections (9), ease of
use/helpfulness (7), and not cluttered (3). However, it was criticized for
sometimes blocking the real world (4).

For All, participants liked it because apps were already ac-
cessible (5). However, it received criticisms on being clut-
tered/overwhelming/distracting (14), covering the real-world environ-
ment (12), and opening apps that are irrelevant to tasks/space (5).

5.6.4 Contextual preferences

Other than the general preferences, in the semi-structured interview,
participants were asked to dive deeper and think about how each of
the contextual factors (F1, F2, and F3) impacted their preference. We
organized participants’ votes on the three interfaces when the three
contextual factors change (see Table 2).

F1: RW Priority. When asked whether having to pay attention to the
real-world or not in the task had an impact on the interface preference,
23 out of 24 (95.83%) participants gave a positive response.

In the RW-Prioritized situations, which in the scenarios required
searching for or collecting objects placed in the physical world, None
received 17 votes (70.83%), followed by 13 votes (54.16%) for Some.
The All condition did not receive any votes. Participants favored None
because it offered clear real-world visibility. Comments included: “The
fact that they were out of view unless I opened them, made it so much
easier to find objects or pick up trashes (P2);” and “If I have to do tasks
in the real world, I would prefer to have minimal applications open
(P23).” The common themes for not choosing All included visibility,
occlusion, and clutter. For example, participants commented: “For All
it was annoying because I need to look for stuff in the RW but it was
all taken up by the AR apps (P15);” For Some, participants who voted
for it did not find it too intrusive to the task and think it is acceptable to
use: “I did not find it that obstructive (P7);” “I feel like the Some was
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overall preference rankings of the three interfaces.

good ... it did not block too much of my vision and I could still keep
track of the other stuff [information in the apps] I may want to know at
the circumstance (P22).”

In the RW-Not-Prioritized situation, which in the scenarios were
tasks that did not require monitoring/visual searching in the physical
world, Some received the most votes (66.67%), followed by All (25%),
and None (12.5%). The majority of participants felt that it was benefi-
cial having at least some of apps automatically opened if less attention
is needed on the physical world. They commented: “When I do not
need to interact with the real world too much, I would prefer the Some
condition more, because it was very convenient (P3);” “I like, for
example, in the living room having weather and clock open because it
is something I would always use (P20).” Participants liked A/l because
they thought it was easy, always available: “If I wasn’t gonna have to
interact with the RW a lot, I would choose the All one, because it is
easy and everything is there already (P2);”. However, participants who
did not vote for A/l did not share this opinion: “I think I always need to
pay some attention to the real world ... if there is one day that I do not
want to leave my room and only get food in the fridge, I would maybe
have, not All, but a lot of the apps on that day (P13);” and “I would
still prefer Some, because All is too much unnecessary apps (P25)”.

F2: Workload. When asked whether current workload of the task
(high vs. low) had an impact on the interface preference, 20 participants
gave a positive response (83.33%). The other four participants did not
consider workload to have an impact on their preferred interface.

In high-workload situations, which in the scenarios required partici-
pants to walk around, look on the bookshelf, and grab objects within
a time limit, Some received the most votes (50%), followed by None
(45.83%), and All (8.33%). Participants who voted Some favored its
system automation: “In heavy duty task, I wouldn’t have the mind to
open the app by myself (P4);” “I am running around, it does save
that time to have Some. I would prefer to have the app already there
(P3);” “When I have a lot more going on ... spending the time on
opening the apps would not make sense (P16).” Participants who voted
for None felt that it was less distracting and does not get in the way
in demanding situations: “In more heavy scenarios ... I would not
want the distractions from the apps to my activity (P18);” “If there is
window in the way when I am in a hurry, I would get really frustrated
... In real life, without this technology ... if I want to check my email, 1
would go to my laptop and do that [open apps manually]. So I think [
am already getting used to that, it is a traditional experience (P24)”.

In low-workload situations, where participants were relaxing or
conducting simple tasks, Some received the most votes (50%), followed
by None (25%), and All (13.33%). Most participants still did not feel
like using All, because of its distractions and clutter. Participants who
liked Some favored its convenience and suggestions: “for lightweight
task, I would still use Some for convenience (P13)”; “When I am in a
relaxed way with no activity, I would prefer the Some condition because
it has a lot of options around (P20);” “ I could see myself using the
All condition if I was just relaxing ... but still too much to look at. 1
would still stick with Some, check those suggested apps and pull up

the stuff I need (P23).” Participants who voted for None reasoned that
they think they would have the bandwidth to open the app manually
in non-demanding cases: “in lightweight case, I would be okay using
None because I can easily open the app when I need (P19).”

F3: Specificity of needs. When asked whether the specificity of
the task had an impact on interface preference, 23 participants gave
a positive response (95.83%). One participant did not consider their
preference to be influenced by this factor.

When the purpose was specific, where participants needed specific
apps such as needing the recipe app to pick out ingredients from the
fridge, 21 out of the 24 participants (87.5%) voted for the Some in-
terface, 4 (16.67%) voted for None, and no participant chose the All
interface. The keywords for choosing Some over None/All included
relevant and natural. Participants commented: “In cases that the apps
are specific and relevant, like check the fridge with the recipe app, the
apps are super useful. I like having them always there (P2);” “I would
prefer having the relevant items be brought up instead of having all of
them open in the specific use case (P23);” and “Some felt like the Siri
suggestion on my phone, it suggested apps I am likely gonna need for
my task, which is pretty cool when it works well (P24).” In contrast,
All was criticized for being distracting and irrelevant: “Having non-
relevant apps open distracted me (P20)”; and “I see the calculator
[app] in the kitchen [for All], I was like I would never need that (P22).”

When the purpose was non-specific, in which participants were
either randomly browsing content or checking for apps ad-hoc, such
as browsing random apps or checking apps when a notification arises,
13 out of the 24 participants (54.17%) voted for the None interface,
8 (33.33%) voted for Some, and 2 participants (8.33%) chose the All
interface. Participants who liked None preferred its controllability and
on-demand characteristic: “In situations that I need random stuff, 1
would like to be in a little bit control (P8);” “when I need random apps,
I could use None and open when I need them (P13).” Two participants
voted for All: “If I am just randomly browsing, it does not bother me,
I can just have all the apps there (P15).” However, the majority of
participants think A/l is still too cluttered and irrelevant, similar to
previously listed comments. Participants voted for Some because of
its potential to fulfill unspecific information needs: “sometimes the
apps I need were already opened by the system, which I found useful
(P7);” “you can potentially have the apps ready without the risk of
being cluttered (P14);” and “...if the prediction is really good [in
figuring out what I will need], I would use Some (P23).”

5.6.5 Desired features

In the interview, participants also touched upon some functions they
would like to see included in the three interfaces.

Customizing the Some apps. Seven participants (29.17%) mentioned
that it would be great if they could be involved in defining what apps
will show up when they enter a new room. Participants commented
“The Some interface may be really good for someone who would like to
add the things to different locations so it is more personalized for them
(P3),” and “the best scenario is you preselect what app I want opened



in Some. It would be better if I can define what apps are opened in each
space (P4);” and “ I love the convenience of the Some, especially if |
could personally set what I wanted in what room, would make things
really great (P8).”

None with pinning. Four participants (16.67%) mentioned that it
would be cool to add a Pin function to the None interface. When they
leave the current space, this feature would allow pinned apps to remain
open in the new room: “When I need to carry the note app from one
place to another, I would prefer the list to follow me around all the time,
like if I can pin the app, so the app just follow me around wherever
1 go (P24);” and “what if the None has a default follow feature, like
when I open this app, I want this app to be opened when I move around,
that could be helpful so I do not have to reopen the stuff [apps] I used
before (P16).”

Dimming all windows. Two participants (8.33%) mentioned that
they would like a function to completely wipe out the AR applications
temporarily if the current task requires heavy attention on the physical
world. “If there is a toggle button, where if I wanted, I could use a
toggle a switch to make everything disappear just temporarily. When
I turn it back, all apps comes back (P24);” and “I think it would be
helpful to have a gesture to wipe things away temporarily, and bring
things back later. When I want to search for something, I could easily
wipe things away real quick, to find the site, and bring the apps back.
With this, the Some display would be even better (P10).”

5.7 Discussion & Design Implications

5.7.1 Impacts of the contextual factors

Looking back at our hypothesized trade-offs, our hypothesis about
None and Some being better options than All when the real world is
prioritized was supported by our study. Participants favored the clear
visibility of the physical environment that None offers. Some was
also favored by over half of the participants, who did not consider
it distracting even when attention to the physical surroundings was
required. In contrast, no participants voted for A/l, criticizing its clutter
and occlusion. When the real-world is not prioritized, our hypothesis
partially aligns with the findings, since Some was preferred over None.

When it comes to workload, our hypothesis was partially supported:
Some was the most favored interface in high-workload situations. We
hypothesized that All would also be favorable since users could avoid
the extra effort to open apps manually. To our surprise, participants
preferred None rather than All. The potential distractions of All and the
need to manually close the apps when they got in the way outweighed
the benefits of having the apps automatically opened in demanding
situations. In None, participants liked the one-handed gaze-triggered
menu design, thought it got in the way less, and that it felt similar to
how they access information with phones or laptops. This demonstrates
the importance of optimizing the manual approach; our redesigned
menu made None more usable than it was in study 1. In low-workload
situations, participants favored Some, which contradicted our hypoth-
esis about all three interfaces being equally usable. The suggested
apps provided by Some provided participants with the convenience of
leveraging already-available options, while not being overwhelmed by
too much information.

Finally, when it comes to specific vs. non-specific needs, our results
supported our hypothesis by showing that Some was the most favored
interface in situations when the users need specific applications to
assist their tasks. As reflected in the ratings, the automation in Some
was perceived to be more accurate than All. Participants considered
it natural to have task-relevant applications automatically opened. All
would have too many irrelevant applications opened in the space, which
was considered distracting and unhelpful, also demonstrated by its
lower perceived accuracy level than Some. When it comes to non-
specific uses, our hypothesis of None being the preferred interface
was supported, but not All. None was favored for its controllability
and on-demand nature, which makes it viable for handling the ad-hoc
information needs of the users.

5.7.2 Some as the sweet spot between None and All

Our findings in study 2 strongly indicate the value of Some in supporting
everyday users to access information after spatial transitions. It was
the most preferred interface, received higher usability ratings and had a
similar agency rating as the manual condition. In general, participants’
comments suggested that Some is a good balance between None and
All, and nine participants (37.5%) stated this explicitly. It offered
more convenient access to relevant applications as compared to the
fully-manual approach of None, while having less risk of distraction,
occlusion, and showing irrelevant applications to the task and spaces as
compared to All.

Additionally, participants were positive about the semantic connec-
tions between the automated applications and the physical objects in
Some. Participants commented “Having the recipe app automatically
opened near my fridge, plant app opened on my plant, and the email
app opened in my office make lots of sense (P25);” “A lot of people
have cook books, recipes on their refrigerator, so it make sense to have
the [recipe] application there ... it makes more sense to attach the app
to the object (P3);”. Having the AR apps appearing right next to the
physical referent to assist the interaction felt natural and useful. Partici-
pants also mentioned that such connections could work as a reminder:

“The plant app is nice to have open near my plant, because it is easy to

forget that the plant needs watering (P26).”

In contrast, participants criticized it when the AR apps appeared in
ways that did not show connections to the physical space. For example,
P10 commented on the All condition: “The plant app is opened in the
Office, but the plant is not actually there, which I felt did not make much
sense (P10).” Interestingly, participants also mentioned how the “feel”
of the physical space needs to be considered: “In the kitchen, you are
already up and ... walking around. So it makes sense to raise your hand
[for the menu], like the none or the some interface. Like in the office,
you would want to be more ... cognitive. In the living room, when you
are kinda lazy, 1 would prefer to have the apps already opened for you,
like the all and some (P14);” and “Having message and mails up in
the office makes much sense. But having them in the living room, which
is supposed to be a relaxing space, it is not supposed to have email
there, you know, work-related stuff (P8).” This is related to the notion
of relevancy. The apps need to be automated or provided in ways that
respect the users and their environment, taking into consideration the
potential types of activity being done in the particular space. This was
well-achieved in the Some interface in study 2, in that only the apps
relevant to the space would appear, and the tasks that took place were
relevant to the space in the design of the scenarios.

6 SYNTHESIZING STUDY 1 AND STUDY 2

In study 1, we demonstrated the trade-offs among the three interfaces
in terms of performance through a controlled simulation study. In
study 2, we explored the trade-offs in terms of user preference in
more ecologically valid experiences involving physical activities and
transitional tasks. We acknowledge that the differences between setups,
input modalities, and tasks in two studies limit direct comparisons
of our findings. In this section, we focus more on what caused the
shared/distinct insights between two studies to distill overall lessons
learned.

Our results in study 1 showed that the number of AR applications
affects the performance of the interfaces. Our results showed that
All was the most efficient interface when the N was low, but an ideal
version of Some with good prediction accuracy would achieve better
performance than All when N becomes higher, while None was always
the slowest interface. In study 2, we observed that Some was the most
preferred interface that balances between None and All conditions.

The All interface, as the most preferred interface in study 1, became
the least favored interface in study 2. Prior work showed that gaze-based
interactions may hinder spatial memory of the users [66], which was
the primary interaction method to open/close apps in study 2. This may
have caused additional challenges for participants to locate applications
in study 2. The comments from our participants demonstrated that our
second study successfully showcased the potential challenges in more
ecologically valid scenarios in study 2 where apps spread around the



users and visibility of real world objects are sometimes important. All
would automatically bring content that is less relevant to the user’s task
and space, which was criticized by the users. However, given its high
information acquisition efficiency as shown in study 1, if the number of
apps is low and information acquisition efficiency is highly prioritized,
All could still be a feasible option.

The Some interface, after receiving enhancements according to the
major two concerns raised in study 1 about menu design and limited
awareness of app status, became much more usable in study 2 and
became the most preferred interface. This demonstrates the necessity
of minimizing the error-correction cost in Some when the app needed
by the user is not predicted by the system, which aligns with Horvitz’s
vision about mixed-initiative interface designs and recent work about
automated interfaces in AR/MR [43,56]. Improving the menu design
could be an efficient strategy to lower such cost and bring down the
intercept of the models, as demonstrated in this work.

Assuming good prediction accuracy in Some, as simulated in study
2, participants liked Some especially when they have specific needs
on applications for their tasks. In contrast with participants’ reactions
to All, our results suggest that for future MR interfaces, relevancy of
information should be prioritized more than just availability of informa-
tion. This finding aligns with recent explorations on optimization-based
adaptive Uls that also took into consideration the frequency of use of
each application in current task settings [14,51]. Our work further
suggests that as the number of apps keeps scaling up, such consider-
ations would become even more prominent. Future research should
investigate not only how to place AR/VR apps, but also which apps to
show in order to best support the user’s current tasks.

The None interface was the second-most preferred interface in both
studies. It offers good real-world visibility, user agency, and works in a
similar way as existing familiar devices, making it easy to learn and a
feasible back-up option. Participants liked its on-demand characteristic,
especially when the real-world attention is prioritized, which some
participants mentioned would almost always be the case for them.
This demonstrates the importance of enabling not only easy access to
the digital apps, but also to the real world simultaneously. In terms
of performance, study 1 showed that None may be less performant
than either Some or None regardless of the number of apps, since it
always requires manual interaction from the users. One solution was to
optimize for such manual effort by more lightweight interactions [60].
Another solution could be, instead of showing completely no apps
after users move, future research could also investigate non-intrusive
and ubiquitous information displays in AR/MR, which could allow
users to access virtual information without real-world visibility being
compromised. Recent work has demonstrated the potential of such
solutions [39,55]. However, more investigations are needed to take into
consideration the type of the AR application, information presented in
the application, and information needed from the users to realize such
context-aware information displays.

7 LIMITATIONS AND FUTURE WORK

Our studies have some limitations. First, study 1 was conducted in a
controlled simulation of transitional activities and was less ecologically
valid. This makes the derived model less applicable in real-world scenar-
ios when the content is distributed in 3D and user familiarity/learning
effect frequently play important roles. Future research could further
systematically analyze the user performance in a variety of settings
leveraging existing models for 3D pointing and visual search, similar
to [20]. Second, in study 2, we used a public space rather than the
user’s private spaces. The user’s familiarity with the spaces may play a
role in their perceptions of the interfaces. Third, although given time
to become familiar with the layout and content of the AR applications
in each space, the placements of the apps were not defined by the
participants themselves. This could have caused negative impacts on
the Some and All interfaces. Fourth, the scenarios, although composed
of easy-to-understand tasks that commonly happen in everyday life,
were artificial in study 2. Future studies could explore self-triggered
uses of the interfaces in uncontrolled everyday scenarios. Fifth, study
2 was conducted in the context of a home environment, which was

quiet and indoors. Future research could study how user preferences
change in more crowded, open environments. Sixth, the second study
is more realistic as compared to prior work given its actual AR setting.
However, evaluations of the proposed interfaces in ecologically-valid
scenarios are still missing. We call for future research that further
study these directions. Seventh, although the scenarios were designed
so that they reflect dynamic changes in the three contextual proper-
ties, the exact levels were not gauged or controlled. Future research
could explore a more controlled setup. Eighth, in study 1, we applied
raycast-based selection and switched to hand-based selection in study 2.
We acknowledge that this poses a limitation to generalizability of our
results across studies. Last, this research assumed condition to trigger
the interface transition was clear by applying a pre-defined boundary.
Future work could research further whether such method is robust to
trigger interface adaptations.

8 CONCLUSIONS

Current AR systems offer limited solutions for users to carry previously
placed AR content to new spaces for continuous access. In this research,
we explored the design of transition-aware interfaces in head-worn AR
to assist users in accessing information when moving around multiple
physical locations. We explored three interface options: (1) None, in
which users rely on a menu to manually open an application while enter-
ing a new location, representing existing solutions; (2) Some, in which
the system automatically suggests a subset of the total applications;
and (3) All, in which the system automatically opens all applications
when the user enters a new space. Utilizing the learnings from a con-
trolled study, we identified the performance trade-offs and improved
the design of these interfaces. We then compared these interfaces in
a more ecologically-valid simulation of everyday transition scenarios.
Our results provide valuable lessons on how to design interfaces that
are scalable and transition-aware, and how different contextual factors
may impact user preference of using the proposed interfaces.
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A CONCEPTUAL FRAMEWORK FOR STUDY 2

Based on the three factors, we defined a framework for categorizing
the user’s context after transitioning to a new location, leading to eight
contextual situations,to help us evaluate the impact of these factors
on the interface preference in a more balanced and ecologically-valid
form.

C1: RW Not Prioritized + Light + Non-Specific: The user randomly
browses non-specific AR apps without needing to pay attention to the
RW environment (for example, casually browsing some random AR
apps to kill time).

C2: RW Not Prioritized + Light + Specific: The user needs access
to some specific apps without needing to pay attention to the RW
environment (for example, the user wants to know the weather for
today or the number of steps walked in a relaxed setting).

C3: RW Prioritized + Light + Non-Specific: The user focuses on a
simple task in the RW and sometimes wants to know non-specific
or irrelevant information from AR apps. Examples include casually
walking or waiting for food in the microwave while browsing some
random AR apps.

C4: RW Prioritized + Light + Specific: The user focuses on a simple
task in the RW while needing access to specific and relevant AR apps
to assist the task. Examples include grabbing the ingredients in the
fridge according to a virtual recipe or walking on the street according
to a virtual map.

C5: RW Not Prioritized + Heavy + Non-Specific: The user engages
with a heavy digital task while wanting to access non-specific or irrele-
vant AR applications at the same time. An example would be playing
video games with a virtual monitor while monitoring the scoreboard of
a football match in the sports app.

C6: RW Not Prioritized + Heavy + Specific: The user engages with a
heavy digital task while wanting to know specific and relevant AR ap-
plications at the same time. Examples include performing productivity
work in front of a virtual monitor while needing information from the
notes or the browser app to assist the work.

C7: RW Prioritized +Heavy + Non-Specific: The user engages in
a heavy task which requires continuous attention to the RW while
needing access to non-specific or irrelevant AR content. Examples
include cleaning the house while browsing the news or monitoring the
stock prices in AR.

C8: RW Prioritized + Heavy + Specific: The user engages in a heavy
task which requires continuous attention to the RW while needing
access to specific and relevant AR content to assist the task. Examples
include cooking according to a virtual recipe, or assembling furniture
according to digital instructions.

We excluded C5 and C6 from our exploration, given that they focus
on primarily the interactions with digital tasks, for example doing
productivity work with virtual monitors or playing immersive games,
with neither the need nor the cognitive bandwidth available for real-
world interactions, which happens less frequently during transitional
activities. As such, in this work, we focus on C1, C2, C3, C4, C7,
and C8 to explore how the three contextual factors F1, F2, and F3
could affect user experience and preference of using the three interface
conditions under these contextual scenarios.

B EXAMPLE SCENARIOS USED IN STUDY 2

Scenario 1 (C4 - CI - C2):
Starting - Office: You are working in your home office, with
email, calendar, message app opened around your desk.

“Ah it’s been a long day of work! It’s time to make a coffee in the
kitchen. I'’ll also have to pay attention to my email and message
apps, just in case my colleague sends me the documents I need.”

T1: Transition 1 - Kitchen: You go to the kitchen and starts making
a coffee while monitoring your email and message apps.
< Wait for participant to transition to the kitchen>

Suddenly, you saw the fridge in the kitchen environment

T2:

T3:

“Oh right Let’s see what I need to pick up at the grocery store
later for the recipe I bookmarked earlier in the recipe app”

You open the fridge with the recipe app and shopping list in your
note app, and cross-check what ingredients you’ll need to pick up
later in the grocery store.

<Wait for participant to check the recipe, note apps and the
fridge>

“Done! Let’s go to the living room and take some rest.”

[o C4: RW Prioritized + Specific + Light]

Transition 2 - Living room You head over to the living room and
sit down at the couch.

< Wait for participant to transition to the living room>

“Now let’s browse some random stuff to kill time. I wonder what
is the stock price of Apple now.. oh and I have not read the
trending news for today...”

You start reading the stock and the news app.
<Wait for participant to open and check the apps>

“Oh it seems that I get the documents I need! Now time to get
back to work.”

[¢ CI: RW Not Prioritized + Non-Specific + Light]

Transition 3 - Home Office: You head to the office and work on
the documents.

<Wait for participant to transition to the office>

You look outside the window and it is a bit cloudy.

“It seems that it is going to rain soon. Should I go to grocery store
later? What is the chance of rain?”

You look at the weather app to check the chance of being rainy.
< Wait for participant to check the weather app>
[¢ C2: RW Not Prioritized + Specific + Light]

End

Scenario 2 (C8 - C3 - C2):

T1:

Starting - Office: “Have been working for 2 hours already. Time
to take some rest.”

You open the sports app and news app to read them. The sports
app catches your attention. “Oh. its Pelicans vs. The Suns. I
wonder how the match will proceed.”

You go to the living room while keeping an eye on the sport
match.

< Wait for participant to transition to the living room>
Transition 1 - Living room: The bookshelf on your left catches
your attention

“Oh, I haven’t been reading for days. I am sure there are a few
books in my reading list that I need to finish. Let me grab these
books from the bookshelf.”

You start to search for books on the bookshelf according to your
book list app.

<Wait for participant to check the book list app and search for
the books on the bookshelf>

“Hmm I cannot find my wallet. Is it in the office?” You head over
to the home office and search for the wallet.

[¢ C8: RW Prioritized + Specific + Heavy]
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Fig. 10. (a) The average time it took for participants to complete all four
scenarios for an interface condition (in seconds); (b) the average head
rotation (in degrees/second); and (c) the average System Usability Scale
(SUS) score (£S.E.).

T2: Transition 2 - Office You search for the wallet in the office.

[While searching] “I wonder how the basketball match now.” You
check the sports app.

<Wait for participant to check the sports app and search for the
books>

“Not in the office either. Next the Kitchen.” You move to the
kitchen and search for the wallet.”

[¢ C3: RW Prioritized + Non-Specific + Light]

T3: Transition 3 - Kitchen: You search for the wallet in the office.
<Wait for participant to search for the wallet in the kitchen>

“Ah find it! ... I remember there is a party tonight. When will it
be? I need to check my calendar. I should also check the weather
and see if [ need an umbrella or not.” You check the calendar app
about when will the party start. You also check the weather to see
if it will be rainy around the party time.

< Wait for participant to check the weather and calendar apps>
[¢ C2: RW Not Prioritized + Specific + Light]

End

C OBJECTIVE MEASURES IN STUDY 2
C.1 Task completion time and distance travelled

Fig. 10 (a) shows the average time it took for a participant to finish
completing the four scenarios in an interface condition. None took the
longest overall (M = 865.67, SD = 551.42), followed by Some (M =
747.28, SD = 228.80) and All (M = 693.28, SD = 135.50). RM-ANOVA
yielded no significant main effect of interface on the task completion
time (F.202,27.645 = 2.546,p = .117).

Regarding distance travelled, participants travelled 235.08 units on
average for All (SD = 4.31), followed by Some (M = 231.12, SD =
5.44) and None (M = 230.428, SD = 3.63). RM-ANOVA found no
significant main effect of interface on the distance travelled (F 46 =
.569, p = .570).

C.2 Head rotation

We computed the average rate of head rotation for each of the interface
conditions (see Fig. 10 (b)). RM-ANOVA yielded a significant main
effect of interface on the mean head rotation angle with a large effect
size (F3 46 = 18.276,p < .001,1]5 = .443). Post-hoc pairwise compari-
son showed that All (M = 4.80, SD = .21) resulted in significantly more
head rotation than Some (M = 4.33, SD = .18) (p < .001) and None (M
=4.06, SD = .21) (p < .001).
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