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Figure 1: First person perspective of the sorting task. The left image depicts the user grasping the object to be sorted and the right
image shows the agent’s placement instructions. These images together illustrate the specifics of the task described in Section 4.2.

ABSTRACT

With the rapid growth of artificial intelligence (AI), intelligent agents
are becoming increasingly prevalent, guiding people through various
tasks. When coupled with virtual and augmented reality devices,
these task-guiding agents offer significant potential to train users
and assist with performing real-world procedures. Inspired by their
promise and imminent ubiquity, we conducted a study focusing on
scenarios where an agent may have to ask clarifying questions to its
human partner to resolve its uncertainty and proffer correct guidance
accordingly. In a mixed factorial experiment, we manipulated the
difficulty of the agent’s questions and how frequently it asked ques-
tions, assessing how task performance levels, subjective perceptions
of the agent and workload, and user behaviors were affected. Re-
sults suggested that the impact of the agent’s question-difficulty was
influenced by how often the questions were posed, with counterpro-
ductive effects on task performance levels and perceptions emerging,
most notably when difficult questions were asked frequently. While
frequent questioning can degrade task-performance, it appears to
be somewhat tolerated when the demands involved in providing
clarifications are low. We discuss how task-guiding virtual agents
can question users when uncertain and need clarifying information.

Index Terms: Virtual reality, task guidance, agents, clarifications

1 INTRODUCTION

As virtual reality (VR) and augmented reality (AR) technologies
continue to mature, their use as platforms for training, assistance,
and task support has gained significant traction across domains
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such as defense [15], aerospace [44, 58], medicine [37], and the
Air Force [64]. In these contexts, users are often guided through
complex procedures by intelligent agents that instruct, assist, and
collaborate as teammates rather than passive tools. Such systems
rely on mixed-initiative interaction where both the human and agent
proactively contribute by initiating interactions, requests, or informa-
tion exchange as needed to successfully complete a task [1]. With
recent advances in computer vision through artificial intelligence
(AI), task-guiding agents are expected to become ubiquitous in ex-
tended reality (XR) devices, supporting users during real-world
activities such as maintenance, inspection, and repair [7]. These
developments position intelligent agents as central components in
task-guidance, fundamentally shaping how complex tasks are per-
formed with immersive AR and VR devices.

In task-guided collaboration, the effectiveness of an intelligent
agent depends not only on what information it provides, but also
how and when that information is exchanged. Prior research has
shown that factors such as the accuracy, relevance, modality, and
timing of an agent’s guidance play a critical role in determining task
performance and users’ perceptions of the agent [10, 29, 32, 33, 55].
In contexts where poor guidance can lead to costly errors, it is
highly important for the agent to ask users clarifying questions when
uncertain or in need of additional information to safely guide the
execution of the task [28,56]. In XR-based task-guidance, an agent’s
uncertainty can arise due to a variety of reasons, including limitations
in the device’s perception systems where camera vision models fail
to accurately detect the state of the world, objects, actions, or steps
involved in procedural tasks like mechanical repair, object-sorting,
and assembly [69]. In these scenarios (i.e., in uncertainty states),
agents must proactively ask users clarifying questions to resolve
missing information and adapt their guidance accordingly [56].

Agent-initiated questioning during uncertainty constitutes an im-
portant interaction design consideration, as the cognitive effort re-
quired to answer an agent’s questions and the frequency with which
those questions are posed can fundamentally shape how users ex-
perience the interaction. While guide agents must ask questions
to resolve uncertainty [28], designers may intentionally limit the
difficulty or frequency of these clarifications to reduce interruptions,



minimize cognitive load, or preserve users’ sense of control during
task execution. However, such conservative questioning strategies
may leave agents with insufficient information to provide timely or
accurate guidance while more demanding or frequent questioning
may slow task execution, increase frustration, or discourage collabo-
ration, prompting users to disengage from the agent altogether and
rely on alternative forms of task support [31]. Despite the centrality
of these trade-offs, no empirical work has evaluated the effects of
different questioning behaviors during task-guidance in XR, leaving
designers with little guidance on how agents should seek information
from users when uncertain. This highlights the need to systemati-
cally examine how agent-questioning behavior across varying levels
of difficulty and frequency interact to influence user perceptions,
task performance, and tendencies to resort to alternative forms of
task support during partnered tasks performed with XR guide agents.

In this work, we contribute to the aforementioned problem space,
studying how an agent’s clarifying questioning behavior affects
guided tasks performed in VR. We focused on two aspects of ques-
tioning behavior, namely difficulty (i.e., how difficult the agent’s
questions are) and frequency (i.e., how often the agent asks ques-
tions), seeking to understand how they affect perceptions, behaviors,
and task performance levels during collaborative tasks that users
perform under an agent’s guidance. Apropos of these pursuits, we
conducted a multifactorial mixed-design study wherein users per-
formed an object-sorting task based on guidance from a disembodied
agent whose questioning behaviors were systematically manipulated.
We present results and discuss insights derived, explicating how
clarifying questions posed by guide agents affect user experience
during partnered tasks performed in immersive XR settings.

2 RELATED WORK

2.1 Collaborating with Agents
Collaboration involves working in teams towards a common goal.
When the team consists of both humans and AI systems, it can be
considered collaboration between humans and what are commonly
called agents [30]. In this type of collaboration, agents usually have
a certain degree of autonomy, reasoning abilities, awareness of the
task’s status, and an ability to direct their own behaviors and act,
making them effective partners [59]. In human-agent collaborations,
agents can vary based on the setting, embodiment, and other inter-
acting characteristics (e.g., speech, gaze, animations, etc.). In digital
settings (i.e, virtual worlds, computers) they are usually referred to
as virtual or software agents. When agents physically inhabit the real
world and are embodied, they can be considered robotic agents [3].

A number of researchers have studied collaborations between
humans and robotic agents. In an investigation involving a collabo-
rative construction task [24], users worked with agents that would
either instructively guide them or passively support them by assisting
with building-pieces only when they were about to make a mistake.
It was found that users did not have a preference and adapted to the
agent that they were collaborating with. It has also been shown that
robotic guide agents verbally assisting with jigsaw puzzle tasks sig-
nificantly improve performance when performing pointing gestures
along with eye gaze [25]. Similarly, agents that gesticulate their
hands and end-effectors are evaluated more positively when guiding
users to sort items into kitchen cupboards [52].

Several investigations have attempted to study humans collaborat-
ing with virtual agents [4, 36, 51]. With respect to the representation
of virtual guide agents in VR, it has been shown that realism may
have a negligible effect on content comprehension [51], and audio-
only guidance without representation can improve task performance
but cause poor social presence with the guide [23,51]. For embodied
VR guide agents assisting with maintenance operations on turbines
in naval ships, adding non verbal animations has been shown to be
more effective than guidance with only verbal instructions [49]. This
importance of virtual agents communicating non verbally through

gestures and facial expressions was further highlighted in a VR
guide agent assisting with property purchase where these behaviors
were identified as necessary to fulfill conversational functions during
guidance [9]. Researchers have also explored how users collaborate
with virtual agents that either exhibit leading or following behaviors
in performing an object transportation task in VR [36]. It was found
that having to follow agents that exhibit leading behavior can lead
to higher levels of perceived workload because users have to adapt
to the guidance of the agent rather than vice versa. More recently, it
was shown that the intelligence level of a guide agent affects users’
perceptions of the agent, social presence, and their performance
when being guided by the agent to complete a jigsaw puzzle [11].
Researchers have even studied humans guiding virtual agents to
evacuate buildings during fire drills by issuing commands to the
agents, finding that the difficulty of the evacuation did not change
the number of commands users issued to the agents [35]. Over-
all, research suggests that when visually embodied, agents must be
non-verbally animated to improve guidance-efficacy and that aural
guidance without embodiment is preferable for task-performance.

2.2 Task Guidance and Mixed Initiative Interaction
Task guidance can be broadly defined as the provision of information
to aid in the performance of a task [2]. Task guidance is effective
when it improves the efficiency, accuracy, and ease with which tasks
can be completed [17,43]. Task guidance systems have been studied
and applied to a number of contexts that range from simple activities
like cooking [18,19,47] and household equipment operation [48], to
complex commercial operations like aircraft inspection [43] and sur-
gical training [20]. In these systems, humans and agents collaborate
with the latter guiding the former towards achieving certain goals.

In the context of task-guidance, collaboration strategies and team
cognition are of relevance because they dictate how effectively, effi-
ciently, coordinately, and cooperatively a task is performed [13, 39].
Mixed-initiative interactions refer to a flexible collaboration strategy
between human users and agents (or any combination thereof) to per-
form a task, where each party contributes what they are best suited
for at the appropriate time [1]. Control is shared and information can
be passed back and forth between members, allowing the team as a
whole to perform the task more efficiently [42]. While most defini-
tions of the term vary and are borrowed from the human-computer
interaction literature [6], this interaction strategy is largely targeted
towards creating helpful problem-solving agents [42]. Researchers
have outlined several important characteristics that virtual agent
teammates must exhibit in effective mixed-initiative human-agent
interactions. These include, but are not limited to, the agent’s ability
to understand the user’s goals and needs, contribute at the right time,
engage in dialog with the user when uncertain, and minimize poor
actions and incorrect contributions [28]. To exhibit such qualities,
agents have to be proactive and initiate interactions with users, espe-
cially when seeking information necessary to assist with a task [56].
While intelligent tutoring systems research has evaluated how agents
should question when uncertain (supplemental material), the focus
is more on assisting learning rather than actually executing tasks.

2.3 Agent-initiated Interactions and Questioning
When interactions between users and agents are initiated by the
agent, they are considered agent-initiated interactions. Agents proac-
tively greeting users and enquiring about temperature suitability
have been shown to foster more natural interactions with users [46].
LifePod, a smart speaker agent reminds older adults about medica-
tion and appointments [63]. Google Home provides timely alerts
from users’ calendars. Alexa also initiates interactions by offering
reminders about events [45]. As such, agent-initiated interactions are
common but their effects during task-guidance remains unexplored.

Notwithstanding the usefulness of agents capable of behav-
ing proactively such as those aforementioned, interactions initi-



ated by them during collaboration can be perceived as frustrat-
ing, time-wasting, and unnecessary when task performance is dis-
rupted [27, 50]. Despite these concerns, intervening or asking ques-
tions during guided collaborative tasks may be necessary to be able
to assist users, thus outweighing apprehensions about being inter-
ruptive [50]. Researchers have studied agents asking clarifying
questions before.Earlier studies [16, 38] directed learner agents to
ask questions to human oracles for computer vision models to locate
unknown objects in rich image scenes. These works did not focus on
how users perceive this questioning during collaboration but rather
collected a dataset of question-answer pairs that aids in developing
vision model algorithms for object-discovery through dialogue. The
closest work studying effects of an agent’s questioning behavior lies
in online product search where it was found that users may be un-
willing to answer more than 11-20 of an agent’s clarifying questions,
leaving them unanswered when perceived as irrelevant [71], and per-
forming poorly when they are perceived as low quality [70]. Despite
such investigations pertaining to web search, there have been no
human-centered studies on the effects of a guide-agent’s clarifying
questioning behaviors during collaborative mixed initiative tasks
that users perform with intelligent agents in immersive XR systems.

While embodied conversational agents have been widely used
to guide users through tasks in immersive virtual environments (as
discussed in Section 2.1), prior work has largely focused on agent
realism, interactive animations, social presence, or knowledge depth
rather than systematically examining how the characteristics of an
agent’s clarification questioning affects perceptions during partnered
tasks in XR systems. Moreover, research on agents asking clarifying
questions remain confined to literature on assisted web search or
the system-level implementation of modules for computer vision
systems to learn from questions rather than studies focusing on how
they affect user experience in immersive systems. Our work di-
rectly contributes towards this end, ascertaining how a guide-agent’s
questioning behaviors affect users’ perceptions, behaviors, and per-
formance of partnered tasks performed in XR. We focus on disem-
bodied task-guiding (aural & textual) virtual agents to isolate the
effects of clarifying questioning behavior without confounds from
embodiment and to reflect smart XR guidance where the agent’s
visual representation is not always present, feasible, or required.

3 SYSTEM DESCRIPTION

3.1 Apparatus
The virtual environment (VE) used for this study was built using
the Unity 2019.4.28 game engine. The simulation was rendered on
an HTC Vive Pro Eye Head Mounted Display (HMD) attached to a
computer equipped with an Intel I7-11700KF 3.6 GZ 8 core, 32 GB
Ram, and a Nvidia Geforce RTX 3070 graphics card. The trigger
button on the Vive Pro’s handheld controllers was used to facilitate
object interactions in the VE. During pilots, the simulation’s frame-
rate was measured and found to be stable and approximately equal
to the device’s maximum refresh rate (90Hz).

3.2 Virtual Environment
A rectangular virtual room (9.3m by 10m by 5m) was designed to
house the object-sorting task described in Section 4.2. The room
contained a wooden table, a cubical storage organizer, and a large
wall-mounted cork board (5m wide, 2.5m tall) with the task’s instruc-
tion manual (instructions with legends) pinned to it. The manual was
made large to increase the readability of the textual instructions on it.
The organizer had eight equally sized shelves (0.9m tall, 0.9m wide,
1m deep), spread evenly over two rows and four columns. Each shelf
was assigned a number and its numerical label was positioned at its
top-left corner, allowing users to view it as needed while performing
the task. The objects to be sorted in the organizer would sequentially
spawn atop the table, standing 0.63m beside the organizer and 3.3m
from the cork board. These objects were modeled to be primitive

cubes (edge 40cm) whose faces featured a randomized and patterned
combination of shapes that were used to realize the different lev-
els of the agent’s question-difficulty investigated in this study (see
Section 4.3.1 and Table 1). Each face contained between zero and
five shapes, including triangles, circles, squares, hearts, pentagons,
stars, crosses, and arrows. Three different hues were used to color
each set of parallel sides of the cube, making the shapes appear
more salient. In the scene, participants interacted with the objects
using a visual representation of their dominant hands, rendered as
a human-hand wearing a glove. Cladding the virtual hand with a
glove allowed to prevent feelings of eeriness that could arise from
choosing skin textures that are not gender and racially matched [54].
The guiding virtual agent was disembodied and communicated both
aurally through voice and visually through textual annotation of the
words it spoke. The textual transcription of the agent was anchored
to the center of the user’s FOV. When asked clarifying questions,
users responded verbally and the experimenter determined the cor-
rectness of these responses to avoid recognition errors and latency
arising from the use of speech-recognition systems, as employed
in [53]. The agent’s voice was gender-matched to participants and
was pre-generated using a text-to-speech engine.

4 EXPERIMENT

4.1 Research Question
This work’s overarching aim was to answer the question: “How
does a guide agent’s clarifying questioning behavior (in uncer-
tainty states) affect perceptions, performance, and behaviors in
a collaborative mixed-initiative task in VR?” We focused on two
aspects of the agent’s clarifying behavior, relating to how often it
asks questions and how difficult these questions are. We utilized an
object-sorting task (Sections 4.2 & 4.3) to realize these aims.

4.2 Task
For this experiment, an agent-guided sorting task was conceptual-

ized wherein users had to place thirty objects onto designated shelves
of a cubical storage organizer with guidance from a disembodied
virtual agent (representing routine tasks encountered in operational
sortation workflows). The objects that needed to be placed in the
organizer were modeled as primitive cubes, each featuring a differ-
ent set of shapes on their faces (i.e., some combination of hearts,
triangles, arrows, etc.). These objects would sequentially appear
on a table in front of the user from where they would have to be
picked up and placed in the organizer, one at a time. The agent’s
role was to simply help users perform this sorting task by informing
them of the organizer’s shelf number onto which each object had
to be placed. Users therefore placed these objects on the different
shelves of the organizer, one after another, based on where the agent
would tell them to. In order to be helpful, the agent would some-
times need information about the current object that needed sorting,
representing a state of uncertainty (e.g., camera vision failing to
detect the state of the world, actions, or steps during a task) where
additional information is needed before the agent can offer appropri-
ate guidance. Whenever the agent needed this information (i.e, only
when it didn’t already have all the information it needed about the
object), it would ask a task-relevant clarifying question pertaining
to the shapes on the object. The difficulty of the question and the
frequency with which the agent asked such questions were the two
manipulations in the study (Section 4.3). Users could either answer
the agent’s clarifying questions and receive its guidance on where
to place the object or alternatively ignore answering its questions
and successfully perform the task without its guidance by consulting
a large instruction manual 3.3m away in terms of viewing distance
(Figure 1). This sorting task was performed across three phases, one
for each of the agent’s questioning-frequencies tested (Section 4.3).
Overall, every user sorted 30 objects in each phase, accruing a total
of 90 object-placements in the study.



Table 1: Examples of questions for each question-difficulty level.
Question-difficulty Example

Easy Is there a star
on the object?

Medium How many stars are there
on the object?

Hard How many more squares than stars
are on the object?

Each object (trial) to be sorted would first appear on the table
from where it could be picked up and placed in the organizer. The
agent would promptly inform users about the shelf number onto
which the object belonged, simulating contexts where guidance is
offered as soon as the agent has the information it needs. Following
this guidance, users would place the object in its correct location,
initiating the start of the next trial (i.e., spawning the next object on
the table). If the object was incorrectly placed on the wrong shelf,
the agent would repeat the instruction, allowing users to correct
their error. Whenever the agent asked clarifying questions about
the object (communicated both aurally and visually as text), users
would respond verbally. There was no defined response window (i.e,
no task time out), meaning that users could take as long as needed
to answer the agent’s question or opt out of answering, relying on
the instruction manual instead. Thus, if users did not respond to the
agent’s question, the agent did not re-prompt the question (which
was still visible as text in users’ FOV) unless explicitly asked to
repeat the question again. If the response to the question was correct,
the agent would reveal the object’s designated shelf number. If the
response was incorrect, the agent would ask another question of the
same difficulty. We consciously decided against making the agent
provide inaccurate guidance based on incorrect responses to its ques-
tions because we wanted to ensure that users were made aware of the
fact that their verbal response was incorrect. If instead, users were
misguided based on an incorrect verbal response, it would not have
been obvious that the agent’s question was answered incorrectly be-
cause the source of error (indicated by the trial not completing) could
have also been attributed to the idea of them incorrectly following
the agent’s guidance (e.g., misunderstanding the shelf number and
placing the object based on this misunderstanding). Additionally,
the agent did not provide correct guidance to an incorrect response
to ensure that there were no avenues for simulation-based exploits
that users could employ in attempts to game the system and simply
proceed through the experiment, answering every question arbitrar-
ily. The agent always communicated both aurally (through voice)
and visually (through textual annotation in the center of the FOV) to
make it more accessible and representative of XR scenarios.

Multimodal feedback and visualizations were designed to make
for intuitive interaction design. When users’ virtual hand was in
proximity of the object, a yellow highlight would appear around the
object along with haptic feedback on the controller, implying the af-
fordance of graspability. Upon grasping the object, the virtual hand
disappeared, indicating that the object could be manipulated. This
grasping visualization technique was chosen to make the content of
the cube’s faces salient when the object was being held. As some
trials required answering questions about the object, visualizing the
grasping hand would have obscured its contents (i.e., the shapes on
its faces), making such questions cumbersome to answer. When
an object was correctly placed in its designated location, a chim-
ing sound was deployed and the object would disappear after two
seconds, indicating the successful completion of the trial and the ini-
tiation of the next. When an object was placed in an incorrect shelf,
a ding sound was played, the agent repeated its instruction/question,
and the object remained in its location, indicating that the trial was
not completed successfully. The visual and auditory feedback per-
taining to any event was presented simultaneously, providing rich
multi-modal feedback that was clearly indicative of the different
events that transpired during the task.

Figure 2: Example of an object that users had to sort. Objects only
varied in terms of the patterned combination of shapes on their sides.

4.3 Study Design
To empirically evaluate how a virtual agent’s information-seeking
behavior affects users’ performance, perceptions and behaviors dur-
ing task-guided collaboration in VR, we conceptualized a study,
focusing on aspects related to the agent’s questioning behavior.
Specifically, we employed a 3 (question difficulty) × 3 (questioning-
frequency) mixed multi-factorial design, manipulating the former
as a between-participants factor across three experimental condi-
tions: (1) Easy (agent’s questions are relatively easy to answer); (2)
Medium (agent’s questions are of relatively medium difficulty); (3)
Hard (agent’s questions are relatively hard to answer). Users in each
condition performed the object-sorting task described in Section
4.2 across three phases of the agent’s questioning-frequency (i.e.,
how frequently the agent asked questions), constituting a within-
participants manipulation. To control for potential order effects,
a Balanced Latin Square design was employed, counterbalancing
the order of these questioning-frequency phases. Participants hence
experienced one possible order (out of a total of 6 possible orders) of
these frequencies. In each phase, users performed 30 trials (sorting
30 objects), thus accruing a total of 90 trials across the entire experi-
ment. The specifics of the manipulations are detailed subsequently.

4.3.1 Question-difficulty
To manipulate the difficulty of the questions posed by the agent, we
created three categories of questions about the object that needed
sorting, each differing in terms of the intrinsic load required to an-
swer the question correctly [60]. Along these lines, easy questions
involved simple yes or no responses (e.g, "Is there a star on the ob-
ject?") while medium difficulty questions were more load-inducing,
requiring users to count the number of shapes (e.g, "how many stars
are there on the object?"). Hard questions involved the greatest
difficulty with users having to count shapes and then perform an
addition or subtraction operation (e.g., "how many more squares
than stars are on the object?"). Every question had a predetermined
correct answer based on the object’s shape pattern, requiring users
to visually inspect the object to determine this answer that they
could then provide verbally. Any other answer was deemed incor-
rect. Figure 2 and Table 1 together illustrate the different levels of
question-difficulty for an object (primitive cube) used in the study.

4.3.2 Questioning-frequency
The questioning-frequency represents how frequently the agent
would need and ask for information about the object that needed sort-
ing. The three levels of questioning-frequency tested were namely
’Less’, ’Somewhat’, and ’More Frequent’ questioning. Numerically,
the frequency was defined as the number of questions the agent
asked per phase, each comprising 30 trials (object-placements). The
values of questioning-frequency studied were 30, 10, and 6. A fre-
quency of 30 meant that a question was asked on every trial (30 trials
/ 30 questions = 1) while a frequency of 6 meant that a question was
asked on every fifth trial (30 trials / 6 questions = 5). Similarly, a
frequency of 10 meant that the agent asked the user a question on
every third trial. Thus a higher questioning-frequency implies that
the agent asked questions more frequently.



4.4 Measures
Duration: The amount of time taken to sort all thirty objects on
their respective shelves was measured in seconds for each phase.
Resorting to the Alternative: In each phase, the number of times
users ignored answering the agent’s questions, instead performing
the task successfully with the instruction manual was measured.
Perceived Workload: After each phase, the perceived levels of
workload associated with performing the task was measured using
the NASA TLX questionnaire [26]. This questionnaire measures
workload across six dimensions, namely mental demand, physical
demand, temporal demand, performance, effort, and frustration.
Perceptions of the Agent: After each phase, the Agent Rating
Questionnaire (ARQ) [66] was administered to evaluate subjective
perceptions of the agent. With ordinal items, the ARQ measures
perceptions across five dimensions: helpfulness, reliability, likability,
willingness to interact again, and appropriateness of behavior.

4.5 Hypotheses
We developed the following hypotheses for this study based on work
discussed in Section 2 and subsequent portions of this section.

• H1: The duration for task-completion will increase with increases
in the agent’s (a) question-difficulty & (b) questioning-frequency.

• H2: The levels of workload perceived will increase with increases
in the agent’s (a) question-difficulty & (b) questioning-frequency.

• H3: The perceptions of the agent will deteriorate with increases
in its (a) question-difficulty & (b) questioning-frequency.

• H4: Higher question-difficulty will increase the number of times
users resort to using the instruction manual to perform the task.

Prior work and intuition suggest that difficult questions gener-
ally take longer to answer correctly and impose greater cognitive
demand [57]. More frequent questions create more opportunities for
delays and cognitive strain to accumulate. It is hence reasonable to
expect that increased question-difficulty and questioning-frequency
will prolong task duration and elevate perceived workload. Frequent
questioning, especially difficult ones requiring effortful responses
can also frustrate users, leading to less favorable perceptions of the
agent [8, 12, 62]. Additionally, the negative effects of increased
question-difficulty are likely to be more pronounced when ques-
tioning occurs more frequently, suggesting an interaction effect. In
terms of the tendency to disengage with the agent and instead use
instruction manual, users may do this more often when confronted
with hard questions because difficult questions often cause people to
abandon attempts to directly provide answers [40, 41].

4.6 Participants
An apriori power analysis using G*Power revealed that for a study
of 3 question-difficulty levels manipulated between-subjects and
3 questioning-frequency levels manipulated within-subjects, con-
sidering α = 0.05, power (1-β ) = 0.95, a medium effect size f =
0.25, correlation among repeated measures of 0.5, and sphericity
assumption, the estimated sample size was 54. Thus, 54 participants
were recruited for this Institutional Review Board (IRB) approved
study (18 per difficulty condition). Participants were recruited from
intro level courses from the university through email. Their ages
ranged from 18 to 54 (M = 21.86, SD = 5.37). Regarding gender, 20
identified as female, 32 as male, and 2 as gender non-conforming.
All participants had normal or corrected-to-normal (20/20) vision.

4.7 Procedure
Upon arrival at the laboratory, participants read and signed an in-
formed consent form. After consenting, participants filled out a
demographics questionnaire that included information about their

backgrounds. The experimenter then explained the task (Section
4.2), detailing the logistics involved in using the hardware devices
(controllers and HMD). Following this, users donned the HMD (ad-
justed for their IPD) and engaged in a tutorial wherein they learned
to perform the task both with and without the agent’s guidance over
9 trials. In this tutorial, they began by simply following the agent’s
instructions and sorting 3 objects into the organizer, familiarizing
them with the task mechanics and the agent’s guidance behavior.
They further encountered 3 occasions where the agent was uncertain
and asked clarifying questions (difficulty matched to users’ assigned
condition), learning to verbally answer with the information that
the agent needed to continue its guidance. Next, participants per-
formed the task without the agent’s guidance until they correctly
sorted 3 objects with only the manual after first confirming the read-
ability and legibility of the instruction manual from their vantage
point. This marked the end of the tutorial phase at which point
users demonstrated and reported proficiency in performing the task
both with and without the agent’s guidance. Participants then be-
gan the experiment, performing the sorting task across the three
questioning-frequency phases of the study. At the end of each phase,
they responded to a set of questionnaires that included the ARQ [66]
and NASA TLX [26]. Before proceeding to the next phase, users
took breaks (minimum of five minutes) until they reported being
at ease and well-rested. When all three phases of the study were
completed, participants engaged in a semi-structured interview with
the experimenter, consisting of questions related to their perceptions
of the experience, strategies they used, opinions about the agent, and
aspects they found challenging. This marked the end of the study
and participants were then compensated with $20 USD.

5 RESULTS

We conducted all statistical analyses in R (version 4.4.0) using
the packages dplyr, ARTool, emmeans, tibble, zoib, and ZIBR.
For dependent variables measured on a continuous scale (duration,
workload), we first tested for normality using Shapiro-Wilk’s test
and found that the data distributions were significantly non-normal.
Given that assumptions for parametric analyses were violated, apply-
ing aligned rank transformations (ART) to the data is necessary for
conducting multifactorial non-parametric analyses including random
effects for repeated measures [68]. Unlike standard non-parametric
tests that cannot handle interaction effects, or mixed-effects mod-
els that assume normality of residuals [72], the ART procedure
allows for rigorous analyses of both main and interaction effects
in non-normal, repeated-measures data [68]. Furthermore the ordi-
nal and Likert-scaled nature of the ARQ questionnaire necessitates
this analysis procedure, as employed in [66]. Thus, we conducted
ART-ANOVA analyses on our dependent measures, aiming to ex-
plore the effects question-difficulty, questioning-frequency, and their
interaction effects. In each analysis, significant effects and their
posthoc tests are presented with p values. Post hoc pairwise com-
parisons between levels of the manipulations were conducted using
ART-Contrasts. The test statistic and measures of effect size are
presented in Table 2. The ηp

2 represents the proportion of variance
uniquely explained by a given variable, relative to the total variance
remaining after controlling for other variables in the model.

5.1 Duration
With task duration, we found significant main effects of question-
difficulty (p < .001) and questioning-frequency (p < .001). Table
2 summarizes results for both factors and their interaction. With
higher difficulty, it took longer to complete the task. Similar trends
were observed with more frequent questioning. There was also a
significant interaction, indicating that frequency moderated the effect
of difficulty (p < .001). The magnitude of differences in duration
across the levels of difficulty varied across levels of frequency (see
Figures 3a and 4a, which show task duration in minutes).



Table 2: Summary of the ART-ANOVA analyses on the measures described in section 4.4. The table presents the statistics, p-values, and effect
sizes (ηp

2) of the main effects of both question-difficulty and questioning-frequency along with their interaction effects. For each of these main
effects, the mean and standard deviation of the different levels of the manipulations are listed in increasing order (i.e., Easy, Medium, & Hard
for question-difficulty levels; Less, Somewhat, and More Frequent [LF, SF, &MF] for questioning-frequency levels). Two color-blind accessible
palettes are used to depict post-hoc tests, one for each manipulated factor. Pairwise comparisons are indicated (in the M(SD) column) in each
row wherein cells with different hues imply that levels of a factor are significantly different from each other. For significant interaction effects,
post-hocs are depicted in Figures 3 and 4. Note that post-hocs presented are based on the ART ANOVA analyses results detailed in Section 5.

Result M(SD)
Measure Dimension Effect Statistic ηp

2 Easy/LF Medium/SF Hard/MF

Difficulty F(2,51) = 14.56, p <.001 .363 20.81(22.17) 25.57(22.00) 51.63(24.05)
Frequency F(2,102) = 17.98, p <.001 .261 26.13(24.29) 31.09(27.22) 40.80(25.89)Mental Demand
Interaction F(4,102) = 1.53, p = .19 .057 -

Difficulty F(2,51) = 2.19, p = .12 .079 11.04(13.53) 18.81(17.33) 17.65(19.39)
Frequency F(2,102) = 0.35, p = .70 .007 16.46(18.18) 15.28(16.96) 15.76(16.62)Physical Demand
Interaction F(4,102) = 0.46, p = .76 .018 -

Difficulty F(2,51) = 2.16, p = .13 .078 31.37(26.44) 31.61(23.6) 44.81(23.51)
Frequency F(2,102) = 0.56, p = .57 .010 37.48(26.37) 35.50(25.31) 34.81(24.28)Temporal Demand
Interaction F(4,102) = 1.23, p = .30 .046 -

Difficulty F(2,51) = 4.91, p = .01 .161 91.67(9.65) 83.19(15.73) 79.93(16.51)
Frequency F(2,102) = 11.27, p <.001 .181 86.72(16.79) 87.41(12.25) 80.65(15.08)Performance
Interaction F(4,102) = 0.46, p = .77 .018 -

Difficulty F(2,51) = 14.84, p <.001 .368
Frequency F(2,102) = 19.49, p <.001 .276Effort
Interaction F(4,102) = 3.92, p<.01 .133

See Figures 3b and 4b

Difficulty F(2,51) = 4.79, p = .01 .158
Frequency F(2,102) = 11.27, p <.001 .181

NASA TLX
[26]

Frustration
Interaction F(4,102) = 5.16, p <.001 .168

See Figures 3c and 4c

Difficulty F(2,51) = 49.94, p <.001 .662
Frequency F(2,102) = 205.91, p <.001 .801Duration Duration

in minutes Interaction F(4,102) = 26.22, p <.001 .506
See Figures 3a and 4a

Difficulty F(2,51) = 4.06, p = .02 .137 3.78(1.76) 3.91(1.74) 2.83(1.76)
Frequency F(2,102) = 2.79, p = .07 .051 3.56(1.87) 3.48(1.86) 3.48(1.71)Helpfulness
Interaction F(4,102) = 1.40, p = .24 .052 -

Difficulty F(2,51) = 1.38, p = .26 .051 2.54(1.38) 2.48(1.48) 1.83(1.13)
Frequency F(2,102) = 1.77, p = .18 .033 2.43(1.39) 2.19(1.35) 2.24(1.37)Relatability
Interaction F(4,102) = 0.64, p = .64 .024 -

Difficulty F(2,51) = 0.01, p = .99 .000
Frequency F(2,102) = 2.33, p = .10 .043Appropriate

Behavior Interaction F(4,102) = 2.83, p = .02 .099
No significant posthocs

Difficulty F(2,51) = 0.20, p = .82 .008 2.96(1.73) 3.19(1.96) 2.65(1.63)
Frequency F(2,102) = 0.20, p = .81 .004 2.93(1.81) 2.89(1.83) 2.98(1.73)Likeability
Interaction F(4,102) = 0.41, p = .79 .015 -

Difficulty F(2,51) = 0.47, p = .63 .018 3.5(1.88) 3.41(1.96) 2.85(1.79)
Frequency F(2,102) = 2.99, p = .06 .055 3.35(1.91) 3.28(1.89) 3.13(1.89)

ARQ
[66]

Willingness to
Interact Again Interaction F(4,102) = 1.08, p = .37 .041 -

5.2 Perceived Workload - NASA-TLX

We analyzed the effects of our manipulations on each of the six
dimensions of the NASA-TLX workload questionnaire, namely
mental demand, physical demand, temporal demand, performance,
effort and frustration. We found no significant main or interaction
effects of the manipulations on physical and temporal demand.

In terms of mental demand, we found main effects of both
question-difficulty (p < .001) and questioning-frequency (p < .001).
Hard questions were perceived as significantly more mentally de-
manding than both medium (p< .001) and easy-difficulty (p< .001)
questions. Mental demand was also significantly higher when the
agent asked questions more frequently than when it did somewhat
(p < .001) or less frequently (p < .001). No other significant differ-

ences were found between levels of the factors on mental demand
and there were no significant interaction effects.

In terms of perceived performance, we found main effects of both
question-difficulty (p = .01) and questioning-frequency (p < .001).
Perceived performance significantly deteriorated with hard questions
compared to easy ones(p = .01). More frequent questions were
associated with lower levels of perceived performance than both
somewhat (p < .001) and less frequent questioning (p < .001). No
other differences in perceived performance were found between
levels of the factors and there were no significant interaction effects.

Considering the perceived levels of effort required to perform the
task, we found significant main effects of both question-difficulty
(p < .001) and questioning-frequency (p < .001). Easy ques-



Figure 3: Interaction effects showing how questioning-frequency moderated the effect of question-difficulty on (a) task duration, (b) perceived
effort required, and (c) perceived frustration. Each sub-figure shows comparisons of the magnitudes of differences (in a given measure) between
question-difficulty levels across the three levels of questioning-frequency. Note that annotations on the figures are based on the ART-ANOVA
analyses detailed in Section 5 and Table 2. Significance levels: ’*’ denotes p < 0.05, ’**’ denotes p < 0.01, and ’***’ denotes p < 0.001.

tions were reported to require significantly less effort than both
hard (p < .001) and medium-difficulty questions (p = .01). The
agent asking questions more frequently was associated with sig-
nificantly higher levels of effort than both somewhat (p < .001)
and less frequent questioning (p < .001). More interestingly, we
found a significant interaction effect, indicating that the questioning-
frequency moderated the effect of question-difficulty on perceived
effort (p = .005). Along these lines, the magnitude of differences in
perceived effort between the different levels of question-difficulty
varied across the levels of questioning-frequency (Figure 3b).

In terms of frustration, we found significant main effects of both
question-difficulty (p = .012) and questioning-frequency (p < .001).
Users were more frustrated when the agent asked hard questions than
when it asked easy or medium-difficulty questions. Frustration levels
dropped when the agent asked questions less frequently than when
it did somewhat or more frequently. We also found a significant
interaction effect, indicating that frequency moderated the effect of
difficulty on perceived frustration (p < .001). The magnitude of
differences in frustration between the different levels of question-
difficulty varied across levels of questioning-frequency (Figure 3c).

5.3 Agent Rating Questionnaire (ARQ)

We analyzed effects of the factors on ARQ dimensions (Section 4.4).
No significant main or interaction effects were found for relatability,
likeability, or willingness to interact with the agent again.

In terms of helpfulness, we found a main effect of question-
difficulty (p = .023). The helpfulness of the agent was rated signifi-
cantly higher when it asked easy questions than hard ones (p = .03).
No other significant differences in helpfulness were found between
levels of question-difficulty. There were no other significant main
or interaction effects on this measure. In terms of perceptions of
the agent behaving appropriately, there was a significant interaction
effect, indicating that frequency moderated the effect of difficulty
on this measure (p = .02). However, posthoc analyses did not show
any significant differences across the different pairs of difficulty-
frequency combinations. This pattern can arise when interaction
effects capture broader trends not reflected in individual pairwise
contrasts due to conservative multiple-comparison corrections [22].

5.4 Resorting to the Alternative

Since the dependent variable is a count (i.e., the number of times
participants defaulted to the instruction manual), Poisson regres-
sion is appropriate [14]. However, directly analyzing this count
would be misleading because the number of opportunities to seek
the alternative varied with questioning-frequency. More frequent

questioning creates more opportunities to use the manual. To ac-
count for this, we computed the percentage of times the manual was
sought. As this produces values between 0 and 1, beta regression is
favored [21]. Since many values were zero, we used a zero-inflated
beta regression with a complementary log-log transformation [61].
This model first estimates whether a user sought the manual (zero
vs. non-zero), then models the extent of seeking behavior among
those who did. We assessed data nesting by calculating the intraclass
correlation coefficient (ICC) from a null model. The ICC was 0.116,
showing 11.6% of variance was due to user differences, violating
independence assumptions. A multilevel model was thus used with
a random intercept for Participant ID. The model with main effects
(AIC = 153.6, df = 8) fit marginally better than the null model (AIC
= 154, df = 4), χ2 = 8.34. The R2 change was .057, indicating a
5.7% increase in explained variance. The zero-inflation intercept
was significant (B = 0.74, SE = 0.17, z = 4.45, p < .001), suggest-
ing a strong baseline tendency to avoid using the manual. In the
conditional model, users were significantly more likely to resort to
the manual when answering hard questions (B = 1.17, SE = 0.59,
z = 1.97, p = .049) than easy ones, with the estimated probability
rising from 23.8% to 58.6%. Medium-difficulty questions did not
affect this likelihood (B = 0.81, SE = 0.64, z = 1.28, p = .20), and
no significant differences emerged across frequency levels.

6 DISCUSSION

6.1 Task Performance

The statistical analyses of the time taken to complete the task
revealed significant main effects of both question-difficulty and
questioning-frequency, indicating that the agent asking harder ques-
tions or asking questions more often generally led to greater delays
in users completing the sorting task (Table 2). These results offer
support for hypotheses H1a & H1b understandably because answer-
ing harder questions like those asked by the agent typically takes
longer [57], and frequent questioning causes disruptions that com-
pound delays over time [34]. We also found a significant interaction
effect between these factors, suggesting that the agent’s questioning-
frequency moderated the effect of its questions’ difficulties on how
long it took users to complete the task. As seen in Figure 3a, the
differences in task-completion times across the three levels of the
agent’s question-difficulty become significantly more pronounced
as the frequency of its questions increases. When the agent asks
questions less frequently, the delays caused by answering harder
questions are relatively modest, whereas the cumulative delays from
harder questions become more substantial with more frequent ques-
tioning. This indicates that increases in the difficulty of an agent’s



(a) Duration (b) Effort (c) Frustration

Figure 4: Post-hoc analyses of significant interactions between question-difficulty and questioning-frequency on (a) task duration, (b) perceived
effort required, and (c) perceived frustration. Each cell in a table represents the differences (col-row) between the means of corresponding
difficulty-frequency configurations for that measure. Note that annotated significance levels (in red) in each table are based on the ART-ANOVA
analyses detailed in Section 5 and Table 2. Significance levels: ’*’ denotes p < 0.05, ’**’ denotes p < 0.01, and ’***’ denotes p < 0.001.

questions posed during task-guidance lead to longer task completion
times, especially when these questions are asked more frequently.

A noteworthy discovery we made from our analyses was that there
were no statistically significant differences in task-durations between
conditions where the agent asked hard questions less frequently or
easy questions more frequently (Figure 4a). This implies that dur-
ing collaboration, guide-agents that need information from users
can maintain task performance efficiency, either asking low-effort
questions frequently or more demanding questions infrequently.
Our finding here highlights that task-guiding agents in immersive
virtual environments can adopt either of these clarifying question-
ing behaviors in uncertainty states without differentially affecting
task-performance efficiency. This being said, what are considered
demanding and low-effort questions for one person need not apply
to another, making it important for agents to tailor their questioning
strategies based on users’ preferences and cognitive loads. Future
research should investigate how to use real-time data to classify cog-
nitive load for agents to accordingly adapt their interaction strategies
to maintain task performance levels without escalating workload.

6.2 Perceived Workload
We found statistically significant main effects of both question-
difficulty and questioning-frequency on several dimensions of the
NASA-TLX workload questionnaire (Table 2). The trends observed
suggested that harder questions and more frequent questioning were
generally associated with weakened perceptions of performance and
greater levels of mental demand, frustration, and effort required to
perform the task. These results offer support for hypotheses H2a
& H2b, and are intuitive because challenging and frequent inter-
actions generally impose greater demand on cognitive resources,
thereby heightening perceived effort and frustration [5, 67]. Given
the nature of the task, it was not surprising that perceived levels
of physical and temporal demand were relatively unaffected by the
manipulations. With users simply sorting virtual objects onto the
nearby organizer based on guidance from the agent, the task did not
induce any physical or time-related pressure, explaining the lack of
statistically significant effects on these dimensions of workload.

Notably, we found significant interaction effects on the dimen-
sions of frustration and effort, indicating that the impact of question-
difficulty depended on how frequently the agent asked questions. As
can be seen in Figures 3b and 3c, the differences in these aspects
across the levels of question-difficulty become more apparent as
the agent asks questions more frequently. For instance, when ques-
tioned less frequently, users’ frustration levels did not significantly

increase when confronted by more challenging questions from the
agent (Figure 4c). With somewhat and more frequent questioning,
however, increases in question complexity tended to escalate frustra-
tion. Similarly, increases in perceived levels of effort from having
to answer harder questions became more pronounced as the agent
asked questions more frequently. While we did not observe these
type of interaction effect trends on all dimensions of workload, our
results suggest that the effects of more demanding agent interactions
become more pronounced with increased interaction-frequency.

Our analyses revealed nuances associated with user-tolerances
to providing clarifications. We found that hard questions frustrated
users to a significantly smaller extent when asked less frequently
than when asked somewhat or more frequently (Figures 3c & 4c).
This suggests that users tolerate answering a guide-agent’s challeng-
ing questions without becoming frustrated if they are well spaced
out. With respect to effort, we observed that having to answer hard
questions somewhat frequently was rated significantly more demand-
ing than having to answer easy questions more frequently (Figures
3b & 4b). Thus, the effort involved in frequently responding to sim-
ple clarification questions appears to be less than the effort needed
to answer more demanding questions even if asked less frequently.
Taken together with the duration results showing that even simple
clarifications prolong task duration when needed frequently (Figure
4a), these findings suggest frequent questioning may be preferable
even at the expense of performance. However, the tolerance for per-
formance detriments is likely context-dependent, requiring a balance
between optimizing for performance and cognitive tolerance.

6.3 Perceptions of the Agent
Regarding users’ perceptions of the guide-agent, the analyses re-
vealed a statistically significant main effect of question-difficulty
on how helpful the agent was perceived to be (Table 2). When the
agent asked more difficult questions, users generally perceived it as
less helpful. Neither factor produced significant main effects on any
other dimensions of the ARQ but generally indicated that increases
in them could lead to poorer perceptions of the agent. We also
found a significant interaction effect between these factors on how
appropriately users perceived the agent’s behavior to be. However,
posthoc analyses revealed no significant differences across the differ-
ent pairs of difficulty-frequency combinations. This kind of pattern
is not uncommon and can arise when an interaction effect captures
a broader and complex trend in the data that is not reflected in any
single pairwise contrast due to the conservative nature of multiple
comparison corrections [22]. Nevertheless, it appears that users’ per-



ceptions of a guide-agent’s behavioral appropriateness are shaped by
some nuanced relationship in its questioning tendencies, an avenue
that warrants further investigation. Notwithstanding the collective
evidence offering only marginal support for hypothesis H3a and
no support for H3b, we believe that increases in these aspects of
an agent’s questioning behaviors are likely to affect perceptions
based on findings from educational research [62]. While the purpose
of questioning in a classroom setting starkly differs from why an
agent would ask questions during task-guidance, their effects when
highly challenging or excessive in number may be similar, leading
to passivity, negatively valenced emotions, and perceptions [8, 12].
There, however, may be mission-critical scenarios (e.g., cockpit
repair during battle) in which an AR guide-agent has to resolve cru-
cial uncertainties during collaboration, potentially permitting such
extreme behaviors even at the cost of it being perceived poorly.

6.4 Resorting to Alternative Forms of Task Support
Our analyses provided insights into when users chose to ignore the
agent’s questions and instead perform the task, consulting the in-
struction manual. As described in Section 5.4, a significant majority
of users opted to work with the agent regardless of its questioning
behavior, avoiding the instruction manual altogether. For those users
who did use the manual, we found a significant effect of question-
difficulty, showing that the agent asking hard questions led to an
increase in the probability of them seeking the alternative. The esti-
mated probability of resorting to the instruction manual increased
from about 24% with easy questions to 59% with hard questions.
While such increases with medium-difficulty questions did not reach
significance, the results generally indicate that facing more challeng-
ing questions from an agent during task-guidance can turn users
away from the agent, making them seek other forms of task support.
These trends offer partial support for hypothesis H4. Interestingly,
even among users that defaulted to the manual, there was no sig-
nificant effect of questioning-frequency, suggesting that frequent
clarifications are better tolerated than demanding ones. Guide agents
that need information should hence attempt to chunk challenging
questions into low-complexity frequent interactions to dissuade users
from disengaging during collaboration. Our results must be inter-
preted, noting the model’s modest effect size in explaining users’
propensities to resort to the manual. One’s natural tendency to disen-
gage from an agent when asked demanding clarifying questions thus
still remains an important determinant of whether or not they will
seek alternative forms of task support. The difficulty of providing
clarifications, however, appears to be a stronger predictor of this
behavior than how often clarifications have to be provided.

6.5 Novel Insights and Design Recommendations
Beyond confirming expected detriments from guide agents asking
more frequent and difficult clarifying questions, our results reveal
several less obvious empirically derived insights into how these
factors interact. First, difficult questions posed infrequently cause
performance tradeoffs comparable to easy ones posed more fre-
quently, suggesting that these factors should be considered jointly
rather than independently. Second, easy clarifications even if needed
frequently require less effort than infrequent hard ones, indicating
that reducing difficulty may be more effective than merely trying
to reduce clarification frequency. Third, compared to frequency,
the difficulty of providing clarifications appears to more strongly
predict one’s behavioral tendency to disengage with a guide agent
and seek alternative forms of task support. Overall, the notable
theme emerging from these insights is that when task-guiding agents
require clarifying information from users to resolve their uncertain-
ties, it appears preferable for them to reduce the complexity of their
questions even if doing so means asking more questions. Accord-
ingly, an actionable step that manufacturers of XR devices equipped
with task-guiding agents should take is to ensure that their agents
prioritize decomposing complex clarification questions into simpler,

lower-effort ones, even if doing so requires more frequent interac-
tions. From the standpoint of application environment designers that
strategically integrate XR device-based guidance into their work-
flows, objects should be equipped with additional attributes to allow
agents resolve uncertainties using simpler clarifications. In ware-
house settings, for example, adding supplementary labels, markings,
or metadata on the objects being sorted can create more ways for
XR guide agents to resolve uncertainty through easier clarifications.

6.6 Scope and Limitations
This work on studying the consequential effects of a guide agent’s
questioning-behavior was conducted in VR. Despite this, our find-
ings should largely apply to settings involving virtual task-guiding
agents in general (e.g., in AR & MR) because the core interaction
dynamics in human-agent teams are largely modality-agnostic [65],
making our insights generally applicable to immersive mediums.
This being said, embodied agents (e.g., virtual characters or robots)
can introduce social cues that can change the dynamics of collabo-
ration. It is therefore appropriate to limit the scope of this work to
scenarios where guide agents are disembodied. Furthermore, our
task was designed to reflect routine guidance workflows (e.g., ware-
house object sortation), and our findings may not fully generalize
to more complex guidance scenarios such as repair, inspection, or
assembly. Our study may also be limited by a design asymmetry
wherein performing the task with the manual, despite being read-
able, may have been markedly more inconvenient than working with
the agent. While such asymmetries justify the use of guide agents,
its magnitude being large likely explains the manual’s limited use,
requiring research reducing this disparity. It’s also worth noting
that the agent’s behaviors operated with certain regularities. For
instance, at any level of questioning-frequency, subsequent ques-
tions were always asked in regular intervals after a fixed number
of object placements. Similarly, question types did not vary and
were standardized. These behavioral presets compromise our study’s
ecological validity because agents assisting users during real world
tasks rarely exhibit such systematized behavior, instead interacting
in more situationally driven ways that vary with context. It should
hence be noted that our findings may be limited to guidance con-
texts involving scripted rather than fully autonomous or adaptive
agent-interactions, an avenue warranting future investigations.

7 CONCLUSION AND FUTURE WORK

In this work, we investigated how an agent’s information-seeking
behavior affects task-guidance in VR. Users sorted objects into an
organizer based on guidance from an agent that asked clarifying
questions when uncertain. We manipulated the difficulty of the ques-
tions and their frequency, studying how task performance, behaviors,
and perceptions were affected. Results indicated that the effects of
difficulty depended on frequency, with hard questions producing
unfavorable outcomes, especially when asked frequently. However,
users appear tolerant of frequent clarifications even at the expense
of task-performance, provided the demands involved are low.

This work raises several interesting follow up questions. Would
similar trends hold for different types of questions? Would sporadic
questioning change perceptions? Are questions from embodied
agents perceived differently? In future work, we wish to answer
such questions and understand how an agent’s questioning behav-
ior should adapt based on real-time physiological data of users’
workload, and how interactions should evolve over longitudinal
time-frames where both agents and users have adapted to each other.
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