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Hypothetical Scenarios
“How should we do it if…?"

Slowly pour hot water into the 
grounds in a spiral movement.

Why in this way?

Reflective Prompts 
in AR Instructions

Three Key Strategies

User Evaluation Study

Derived from a Survey and Co-Design Sessions (N=9)

Within-subject study (N=16)

Reflective Prompts 
in AR Instructions

Three Key Types of Prompts

User Evaluation Study

Challenging Assumptions
“Is doing… necessary?

Connection to Outcomes
“What are we trying to achieve with…?"

Two Tasks 

Coffee Making Circuit Assembly 

Without Reflective 
Prompts

With Reflective 
Prompts

Two Conditions Measurements
Objective and Perceived Understanding
Task Success          Task Self-Efficacy
Keyword Interaction       Cognitive Load
Semi-Structured Interview

Key Takeaway
1 Reflective prompts lead to an average 

increase of 0.66 on normalized quiz 
performance (p<.05).

2 Reflective prompts increase 
information-seeking behaviors by 
68.75% (from 0.32 to 0.54, p<.01).

3 Reflective prompts were perceived as 
non-intrusive to the task completion 
by most participants (15/16).

Figure 1: Left: Example of an AR instruction (in black texts) with a re�ective prompt (in blue texts) for a co�ee-making task.

Right: Study design framework showing (a) Three key types of re�ective prompts derived from the formative study, (b) User

evaluation study design with two tasks and two conditions, and (c) Key �ndings demonstrating the e�ectiveness of re�ective

prompts in AR instructions.

ABSTRACT

Augmented Reality (AR) is a promising medium for guiding users
through tasks, yet its impact on fostering deeper task understanding
remains underexplored. This paper investigates the impact of re�ec-
tive prompts—strategic questions that encourage users to challenge

assumptions, connect actions to outcomes, and consider hypothetical
scenarios—on task comprehension and performance. We conducted
a two-phase study: a formative survey and co-design sessions (N=9)
to develop re�ective prompts, followed by a within-subject evalu-
ation (N=16) comparing AR instructions with and without these
prompts in co�ee-making and circuit assembly tasks. Our results
show that re�ective prompts signi�cantly improved objective task
understanding and resulted in more proactive information acquisi-
tion behaviors during task completion. These �ndings highlight the
potential of incorporating re�ective elements into AR instructions
to foster deeper engagement and learning. Based on data from both
studies, we synthesized design guidelines for integrating re�ective
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elements into AR systems to enhance user understanding without
compromising task performance.
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1 INTRODUCTION

In recent years, Augmented Reality (AR) technology has emerged
as a powerful tool to enhance task guidance. By overlaying digital
content onto the physical world, AR provides real-time, contextual
guidance for various tasks, from complex industrial procedures
to everyday activities. AR instructions have been successfully im-
plemented in various scenarios, including cooking [17, 73, 76], as-
sembly tasks [10, 25, 30, 34, 74], or even complex manual tasks
[27].
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While AR-based instructions o�er many advantages, they could
potentially lead users to passively follow the steps without deep
reasoning [59], a limitation compared to human experts or well-
developed educational manuals. In traditional settings, human ex-
perts provide step-by-step instructions and foster deeper under-
standing through re�ective prompts—questions or statements de-
signed to provoke thoughtful re�ection and deeper understanding
[24, 32]. For instance, when assembling a piece of furniture, an
expert may ask, “Why do you think it’s important to tighten the
screws gradually and evenly?”, which may encourage the learner to
think about the importance of balance and structure in the assembly
process. These re�ective prompts engage users more deeply, help-
ing them develop task understanding and eventually transferable
skills—an element often missing in AR-guided task completion.

In this paper, we explore how re�ective prompts can be inte-
grated into AR instructional systems. Speci�cally, we aim to answer
the following research question: RQ: Can re�ective prompts be

e�ectively incorporated into AR task guidance to enhance

both task completion and deeper understanding? To address
this, we break the question down into two sub-questions: 1) RQ1:
What types of re�ective prompts (e.g., critical re�ection vs.

perspective shifting) are e�ective and appropriate in an AR

instruction-following context? and 2) RQ2: What are the im-

pacts AR-based re�ective prompts have on task performance

and user understanding compared to AR instructions with-

out such elements?

To answer RQ1, we �rst conducted a formative study where we
extracted �ve categories of re�ective prompts from literature in
learning and education �elds and implemented them in a prototype
system on an AR head-worn display (Apple Vision Pro1). We then
engaged nine participants in a co-design process, having them per-
form two tasks—making pour-over co�ee and assembling circuits
on a breadboard—using our system. Through iterative design ses-
sions, participants helped us re�ne the choice of re�ective prompts.
Ultimately we identi�ed three types of re�ective prompts that
are most e�ective and preferable for the AR instruction-following
context—Challenging Assumptions, Connections to Outcomes, Hypo-

thetical Scenarios.
To address RQ2, we conducted an evaluation study with 16 par-

ticipants to assess the impact of these re�ned prompts on task
performance, user understanding, and their willingness to seek ad-
ditional task-related information. Results show that AR instructions
with re�ective prompts signi�cantly improved objective under-
standing which led to signi�cantly higher scores (p<.05) in quizzes
on tasks. Re�ective prompts also fostered epistemic curiosity—a
cognitive trait that motivates learning and enhances knowledge
retention [35, 53]. This was evidenced by participants’ voluntary
information-seeking behavior [9, 37, 72], with those in the re�ective
prompt condition proactively seeking signi�cantly more additional
task-related information (p<.05). The insights gained from both
the formative and evaluation studies informed the development of
design guidelines that enhance both immediate task performance
and understanding of AR-guided tasks.

1https://www.apple.com/apple-vision-pro/

In this paper, we contribute to the understanding of how re�ec-
tive elements can be integrated into AR task guidance through the
following:

(1) A formative study (N=9) that identi�ed gaps in instruction-
following within AR contexts and adapted re�ection types
from existing literature into e�ective re�ective prompts.

(2) An evaluation study (N=16) that assessed the impact of in-
corporating re�ective prompts into AR instructions on task
performance, user understanding, and information-seeking
behavior.

(3) Design implications that include design guidelines for the de-
sign of future re�ective AR instructional systems and design
considerations for applying them to broader task scenarios.

2 RELATED WORK

2.1 Task Guidance in AR

AR has been widely explored as a task guidance medium in domains,
such as cooking [17, 73, 76], object assembly [3, 10, 25, 30, 34, 45, 74],
surgery [4, 51], military [13, 28, 46], maintenance [29, 54, 68]. By
overlaying instructions directly onto the workspace, AR reduces
attention shifts between instructional materials and the task [16, 56],
potentially lowering the cognitive load and motivating learning
[8, 20, 30, 42, 43, 49], and improving task performance [42, 45, 71, 74]
. Studies have shown that AR can lead to faster task completion,
reduced error rates, and increased user satisfaction compared to
traditional methods like paper manuals or screen-based instructions
[16, 45, 68, 69].

However, some research has reported contrary �ndings, suggest-
ing that AR may increase cognitive load or lead to poorer perfor-
mance in certain contexts [25, 33, 36, 58, 63]. Additionally, while AR
simpli�es task performance through step-by-step guidance, it may
reduce users’ ability to detect prior mistakes or adapt to real-world
variables, leading to lower knowledge retention and over-reliance
on the system [60, 65, 70].

While prior studies primarily focus on comparing AR to other
instructional media in terms of task performance and cognitive load,
our research explores how features within AR—such as re�ective
prompts—can address these limitations. By encouraging users to
re�ect and engage with the underlying principles of a task, we seek
to mitigate issues like blind adherence to instructions and poor
knowledge retention, ultimately enhancing both task performance
and deeper understanding.

2.2 Re�ective Prompts in Educational Contexts

The role of re�ection in fostering deeper learning and understand-
ing has been extensively emphasized in psychology and educational
theory. Re�ection enables learners to make sense of their experi-
ences by synthesizing speci�c actions into broader principles and
abstract concepts [23, 39, 67]. Through re�ective thinking, learners
can identify patterns in experiences, generalize insights, and apply
learned knowledge to new contexts [11, 14]. Moreover, re�ection
encourages learners to critically assess their decisions, actions, and
assumptions, prompting them to actively question their values and
thought processes [18, 22]. This form of metacognitive engagement
often leads to more insightful learning outcomes and a greater
ability to transfer knowledge across di�erent domains [39].
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In educational settings, instructors frequently use re�ective prompts
and feedback mechanisms to guide students through this re�ective
process [24, 44, 50, 64]. Such prompts are designed to encourage
students to pause, think critically about their actions, and make
connections between theoretical concepts and practical experiences
[6, 24, 40, 61]. For instance, prompts may ask students to review
what they have done, explain their reasoning, justify their deci-
sions, or explore alternative approaches to a problem [21, 24, 61].
These prompts often serve as sca�olding to help students navigate
complex tasks, ultimately fostering a deeper understanding of the
subject matter. By incorporating structured re�ection into the learn-
ing process, educators aim to transform passive learning into an
active, inquiry-driven experience [44, 50, 57].

Studies have also explored re�ective components in AR-based
learning. Chen et al. found students showed stronger �ow states in
digital games for science learning versus AR games with re�ection
prompts [19], while Lin et al. demonstrated that teacher-guided re-
�ection in AR-based scienti�c learning improved learning outcomes
[48]. However, applying re�ective prompts in instruction-following
contexts—such as AR-based task guidance—presents unique chal-
lenges. Unlike educational settings, where learners are typically
students motivated to engage in re�ective thinking, users in task-
focused contexts may have di�erent goals, preferences, and mind-
sets. Users of AR guidance systems might primarily focus on com-
pleting tasks e�ciently rather than on skill development or knowl-
edge retention. As a result, re�ective prompts in such settings need
to be carefully designed to align with users’ immediate goals with-
out disrupting their task �ow. Prompts that are too intrusive or
cognitively demanding may frustrate users.

2.3 Learning by Doing

Re�ection plays a crucial role in transforming experience into
knowledge or skill [11, 14, 23]. As Dewey stated, “We do not learn
from experience. We learn from re�ecting on experience” [26],
emphasizing that thoughtful re�ection is essential for learning.
Similarly, Kolb’s Experiential Learning Theory (ELT) posits that
knowledge is generated through the transformation of experience
[39]. This model emphasizes that learning is not simply about com-
pleting tasks or accumulating experiences. Instead, it involves an
iterative process of engaging with experiences, re�ecting on them,
conceptualizing insights, and applying those insights to new situ-
ations. Without re�ection, individuals may successfully complete
tasks but fail to internalize the underlying principles and processes
[11].

As Boud et al. argues [11], re�ection is not a passive activity,
where one merely recalls past experiences. Rather, it is an active,
deliberate process that involves probing experiences, making sense
of them, and extracting meaningful learning outcomes. In addition
to post-experience re�ection, Schön and Donald A introduced the
concept of re�ection-in-action [62], where learners re�ect and adapt
their actions in real time, making necessary adjustments as they
proceed. In this paper, we explore how these re�ective practices can
be integrated into the task-completion process with AR guidance.

3 FORMATIVE STUDY

To inform the design of re�ective prompts, we �rst conducted a for-
mative survey on re�ection practice in the learning and education

�elds. Though not speci�c to AR-guided tasks, this survey o�ered
valuable insights potentially adaptable to AR environments. We
examined 88 papers identi�ed through Google Scholar and ERIC
using search terms including “re�ection,” “re�ective,” “learning,”
“pedagogical,” “questioning,” “prompts,” “guidance,” and “instruc-
tions”, and their meaningful combinations. Through citation track-
ing, we identi�ed eight highly in�uential papers, each with more
than 5,000 citations, that could potentially inform re�ection design
in AR-guided tasks. From the eight papers, we extracted �ve main
types with eleven subtypes of re�ection processes, which served
as a starting point for participants to brainstorm and iterate on
the design of re�ective prompts in our context (as shown in Fig.
4). Then we incorporated all the re�ection types as prompts in
an AR instructional system prototype. Through a co-design ses-
sion with nine participants, we let them perform two tasks follow-
ing the instructions from the AR system, which included di�erent
types of re�ective prompts. By analyzing the preference of partic-
ipants for these prompts, we aimed to address the [RQ1]: What
types of re�ective prompts are e�ective and appropriate in an AR
instruction-following context?

3.1 Survey of Re�ective Prompts

We conducted a formative survey of literature on re�ection in
educational contexts, focusing on how learners engage in re�ective
practices and how educators support them. Though not speci�c to
AR-guided tasks, this survey o�ered valuable insights potentially
adaptable to AR environments. From the literature, we identi�ed
�ve main types with eleven subtypes of re�ection processes, which
served as a starting point for participants to brainstorm and iterate
on the design of re�ective prompts in our context (as shown in Fig.
4).

[R1] Critical Reflection: Critical re�ection involves challenging
assumptions and engaging in deeper logical reasoning about tasks
and processes. Grounded in Mezirow’s Transformative Learning
Theory [52] and King and Kitchener’s Re�ective Judgment Model
[38], these prompts encourage users to reconsider their actions and
underlying beliefs.

[R2] Reflective Pauses: Inspired by Schön’s Re�ection-on-action
concept [62], re�ective pauses introduce intentional breaks in in-
struction for users to process and re�ect. These pauses are partic-
ularly useful in procedural tasks, allowing users to step back and
assess their actions [62].

[R3] Metacognitive Awareness: Based on Zimmerman’s Self-
Regulated Learning Theory [77] and Gibbs’ Re�ective Cycle [31],
these prompts aim to increase users’ awareness of their cognitive
processes. By encouraging self-assessment at key points, they en-
hance task performance and deepen understanding [77].

[R4] Perspective Shi�ing: Drawing from Brook�eld’s Critical Re-
�ection Model [15], perspective-shifting prompts encourage users
to consider hypothetical scenarios and potential context to transfer
the skill. This type of re�ection can improve problem-solving and
broaden understanding in procedural tasks [15].

[R5] Connection Identification: Rooted in Kolb’s Experiential
Learning Theory [39] and Ausubel’s Assimilation Theory [5], these

3
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prompts help users activate prior knowledge, draw connections
between tasks and understand how a particular step contributes
to the outcome. This re�ection supports the integration of new
information and enhances knowledge transfer.

3.2 Co-Design Session

While Section 3.1 addresses part of RQ1—identifying types of re-
�ective prompts based on the literature—further investigation was
needed to explore their e�ectiveness and appropriateness within
an AR instruction-following context. We conducted a co-design
session to iterate and re�ne these prompt categories.

3.2.1 Participants. We recruited 9 participants (F1-9, 5 female, 4
male, age: M=25.6, SD=9 years) from local universities to participate
in a co-design session. Participants were screened to ensure they
had no prior experience in the tasks they would be performing.
All participants had high-school-level circuit knowledge but no
experience with breadboard assembly. Seven of the participants
had no prior experience with AR technology.

3.2.2 Instructional System. We developed a prototype AR instruc-
tional system on the Apple Vision Pro. The system displayed a
series of step-by-step instructions as white text overlays within the
user’s �eld of view.

The experimenter manually controls when to display and up-
date the instructions using a control interface on a laptop, which
communicates with the AR system via a WebSocket connection.
Instructions advanced either when the experimenter deemed it ap-
propriate or at the participant’s request. Re�ective prompts were
toggled by the experimenter.

We used information-seeking behavior as a measure of epistemic
curiosity and learning motivation [9, 35, 72]. While following in-
structions, users typically seek task-related information through
variousmeans—asking others, searching online, or consultingmanuals—
either to satisfy curiosity or resolve confusion. To capture these nat-
ural behaviors in our study environment, we integrated a question-
answering system powered by ChatGPT-4o2 into the AR inter-
face. Participants could ask task-related questions, which were for-
warded to ChatGPT-4o with the responses displayed beneath the in-
structions (as shown in Fig. 2). This “wizard-of-oz” (WoZ) approach
simulated natural, seamless information-seeking in AR, enabling us
to measure how re�ective prompts in�uence information-seeking
behavior.

3.2.3 Tasks. The co-design session employed two distinct tasks:
making pour-over co�ee and assembling circuits on a breadboard
(shown in Fig. 3).

Task A: Making Pour-Over Co�ee. The pour-over co�ee task
exempli�es a common daily activity requiring precise step sequenc-
ing [73], such as grinding beans, preparing the �lter, heating water,
and pouring. It demands motor skills to control water �ow and en-
sure even distribution. Instructions for this task were adapted from
wikiHow’s “How to Make Pour Over Co�ee” guide3, comprising 12
text-based steps without visual aids. The instructions were adjusted
to use 10g of co�ee beans to reduce grinding e�ort.

2https://chat.chatbotapp.ai/?model=gpt-4o
3https://www.wikihow.com/Make-Pour-Over-Co�ee

Figure 2: Formative study prototype system layout displaying

one step of the Task A instructions (larger white text at the

top), re�ective prompts (small yellow text underneath) and

ChatGPT’s response (small white text at the bottom).

(a) Task A: Making Pour-Over

Co�ee

(b) Task B: Assembling Circuits

on a Breadboard

Figure 3: As shown in Image (a), participants performed Task

A wearing an Apple Vision Pro to follow instructions for

making pour-over co�ee. Equipment includes a kettle, co�ee

dripper, grinder, �lters, and scale. As shown in Image (b),

participants performed Task B wearing an Apple Vision Pro

while assembling an electronic circuit using components and

a breadboard.

Task B: Assembling Circuits on a Breadboard. In contrast, the
circuit assembly task is more technical, commonly seen in educa-
tional or professional electronics contexts. While the order of com-
ponent placement is �exible, the �nal con�guration is critical. In-
structions were based on a YouTube tutorial4, adapted into 8 textual
steps with 4 accompanying visual diagrams showing breadboard
connections and component placement, which can be challenging
to explain with texts based on our formative study feedback.

The instructions for both tasks were iteratively re�ned to ensure
clarity and e�ectiveness in our setting. The tasks were chosen
to develop re�ective prompts applicable to various instructional
contexts, as they di�er in key aspects: order sensitivity, everyday
versus technical focus, motor versus concept-based skills, and the
presence or absence of a clear binary outcome.

4https://www.youtube.com/watch?v=Bhv-Tk7l1zI
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3.2.4 Method. The co-design session was conducted in two phases
for each task:

Before starting, participants were instructed to approach the
tasks as they would any new, everyday task (e.g., following online
instructions to cook a dish). We did not disclose that learning or
understanding of the tasks was being measured during the study, as
the awareness of demand characteristics can alter natural behavior
and task engagement [55]. However, we disclosed the study’s pur-
pose to participants during the interviews afterward to keep them
fully informed. We emphasized that there was no single “correct”
way to complete the tasks, encouraging natural interactions and
revealing gaps between instruction-following and understanding
the underlying principles.

Each participant completed both tasks twice—once without re-
�ective prompts and once with them. To control for order e�ects,
we counterbalanced task assignment: �ve participants started with
Task A, four with Task B. For each task, participants �rst completed
it without prompts, during which they identi�ed gaps in their
task completion and understanding. They then re�ected on how
additional support could address these gaps. After this re�ection
phase, participants completed the same task again with re�ective
prompts. While performing the tasks, they provided feedback on
the prompts and made suggestions for improvement. Participants
were also asked to think aloud, o�ering real-time insights into their
thought processes and decision-making. After every two sessions,
we re�ned the prompts based on participant input.

After completing both tasks, each participant engaged in an
individual brainstorming session with the experimenter to evaluate
the prompts and generate new ideas. They re�ected on moments
of confusion or ine�ciency and discussed how re�ective prompts
could have enhanced their understanding or performance. Semi-
structured interviews were conducted to gather feedback on the AR
system, preferences for prompts, and the impact on understanding
and task performance.

Each session lasted 2 to 4 hours, with participants wearing the
headset for nomore than 30minutes at a time. Given the exploratory
nature of the study, no quantitative data was collected. Instead,
we focused on qualitative insights from think-aloud protocols, co-
design sessions, and interviews to inform the integration of re�ec-
tive prompts in AR instructional systems.

3.2.5 Results. The co-design sessions revealed insights about users’
preferences and behaviors regarding each type of re�ective prompt
in AR-guided tasks.

(R1) Critical Reflections. Challenging Assumptions were gen-
erally appreciated. Many (F1-7, F9) noted they often had similar
questions like, “Do I have to use water of this temperature?” or “How
precise do I need to be with component placement on the breadboard?”

but hesitated to pause the task to �nd answer. When prompted by
the system, they recognized the importance of these questions and
felt motivated to seek answers as their immediate next step might
be a�ected.

On the other hand, prompts related to Logical Reasoningweremet
with mixed reactions. Many participants (F1, F2, F4, F8) expressed
feelings of fatigue when encountering these prompts, as it wasn’t
always clear how the logical connections between steps related to

their current actions. This disconnect made the prompts feel less
relevant and, at times, overwhelming.

(R2) Reflective Pauses. Both the Active Pause and Opportunis-

tic Pause prompts were perceived as disruptive by the majority of
participants (F2, F3, F4, F6-9). Prompts such as, “Let’s take a mo-

ment to re�ect on...”, were viewed negatively, even though they are
commonly used in educational contexts. Participants found active
breaks intrusive, interrupting their task �ow. Even during natural
pauses—such as waiting for water to boil—participants preferred to
decide how to use the time themselves, or else they felt pressured
(F2). As F7 noted, “It feels a bit bossy in an instructional system. I’d

rather pause to think on my own, not because the system asked me

to.”

(R3) Metacognitive Awareness. Participants often ignored both
Self-Assessment andMilestone Review prompts (F1, F3, F5-8) because
the purpose of these prompts was unclear. As F1 noted, “Why do

I have to think about it? It’s not like it’s evaluating me or wants an

answer.” Prompts encouraging users to revisit their reasoning, such
as “What was your reasoning for placing the resistor here?”, were typ-
ically disregarded. Most participants preferred to focus on overall
task progress rather than revisiting steps they believed were cor-
rectly executed (F2, F4, F7, F8). Some found these re�ective prompts
time-consuming (F2, F3, F4), while others felt they disrupted their
work�ow (F7, F9). As F2 remarked, “It’s confusing when the system

asks about a step I didn’t get wrong.”

(R4) Perspective Shi�ing. Hypothetical Scenarios were generally
well-received by most participants (F1-6, F9). They appreciated
prompts such as, “What would happen if you used more LEDs?” or
“What if we used light roast co�ee beans instead of dark roast?”, as
these helped them realize the “variables” in the task. By toggling
these “variables” and seeing how they are related, they built un-
derstanding and transferable knowledge that potentially improved
future performance (F1-6). However, participants who viewed the
task as a one-time activity were less engaged with these scenarios
unless they had an immediate impact on the task (F7, F8).

In contrast, Context Transfer was largely seen as unnecessary by
many participants (F3, F4, F6-9). As F4 noted, “If someone is new to
the task, it’s already overwhelming to just understand the current
task, let alone think about applying it to other situations.”

(R5) Connection Identification. Most participants (F2-8) found
Prior Knowledge Activation prompts ine�ective due to a lack of
personalization. For instance, when the prompt matched the par-
ticipant’s personal experience, F1, a cooking enthusiast, resonated
with a prompt like, “Controlling co�ee temperature is similar to con-

trolling oil temperature in cooking techniques,” as he immediately
connected it to frying tempura. In this study, we did not delve
deeper into personalization due to the limited information available
on participants’ prior knowledge.

When it came to Cross-Task Connections—linking the current skill
to other potential contexts—most participants were disinterested
in linking the current task to other contexts, as they were focused
on immediate task completion (F2-8).

Participants were more engaged with Connection to Outcome

prompts which tied the current steps directly to the task’s �nal
outcome (F1-9). As F8 explained, “I care if this step a�ects the �nal

5
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Formative Survey
RQ1: What types of reflection prompts are effective?

Metacognitive
Awareness

Perspective 
Shifting

Connection 
Identification

Reflective 
Pauses

Critical 
Reflection

Co-Design Session (N=9)
RQ1*: What types of reflection prompts are effective 
and appropriate in an AR instruction-following context?

Challenging Assumptions

Logical Reasoning

Active Pause

Opportunistic Pause

Self-Assessment

Milestone Review

Context Transfer

Hypothetical Scenarios

Prior Knowledge Activation

Cross-Task Connections

Connections to Outcomes

“Is this step really necessary?”

“How is this step related to the previous step?”

“Let’s take a moment to think about…”

“While the water is boiling, let’s take a look at…”

“Do you fully understand why…?”

“Great! You have successfully… How did you…?”

“How could this technique be applied to…?

“How should we do this step if we are using…instead?

“How does this relate to… that you’ve done before?

“How does this compare to… in terms of…?

“How does this affect our final outcome?

Challenging Assumptions

Logical Reasoning

Active Pause

Opportunistic Pause

Self-Assessment

Milestone Review

Context Transfer

Hypothetical Scenarios

Prior knowledge activation

Cross-task connections

Connections to Outcomes

Figure 4: This �gure summarizes re�ection prompt types identi�ed from the literature and evaluated for AR instruction

following contexts. The left side presents �ve main categories of re�ective prompts: Critical Re�ection, Re�ective Pauses,

Metacognitive Awareness, Perspective Shifting, and Connection Identi�cation, each with subtypes and example prompts. The

right side shows results from co-design sessions (N=9), with colored boxes indicating the three subtypes deemed most e�ective

and appropriate for AR instruction: Challenging Assumptions, Hypothetical Scenarios, and Connections to Outcomes.

result. If not, I could skip it.” This suggests that framing cross-task
connections in terms of immediate outcomes increases relevance
and perceived value.

3.3 Design Considerations and Updated
Re�ective Prompts

3.3.1 Design Considerations. Our study revealed several key de-
sign considerations for implementing re�ective prompts in AR-
guided tasks.

[DC1] Relate Prompts to the Current Step. Relevance and
timing emerged as critical factors, with participants emphasizing
that re�ections should be closely tied to the purpose of current
steps or the user’s immediate situation (F1-7).

[DC2] Optimize Timing to Reduce Cognitive Overload. The
system should avoid presenting re�ections when the user’s cogni-
tive load is high, such as during complex task steps (F7, F8).

[DC3] Use Friendly, Conversational Tone. Participants recom-
mended that the tone of instructions and re�ective prompts should
both be conversational and friendly, respecting users’ agency (F6, F7,
F8). One interesting suggestion was to give re�ections the persona
of a friend experiencing the task alongside the user (F6).

[DC4] Ask Brief �estions. In terms of format and delivery,
brief questions were perceived as more e�ective and desirable than
statements or longer questions (F1, F2, F4, F5, F6, F9).

3.3.2 Updated Reflective Prompts. Based on the insights we col-
lected, we extracted R1, R4, and R5 as useful re�ective prompts and
further adapted them to the AR instruction-following context (as
shown in Fig. 4 and Fig. 5):

[R1*] Challenging Assumptions. This type of re�ection prompt
encourages users to question the necessity and method of each step
in the process, fostering critical thinking and deeper engagement
with the task. By challenging assumptions, participants re�ect on
whether a given procedure is essential or if there are alternative
ways to approach it. This prompt helps users become more mindful
of their actions and prevents them from following instructions
blindly, encouraging them to think critically about why each step
is necessary.

[R2*] Connection to Outcomes. These prompts aim to connect
speci�c actions to their potential outcomes, helping participants
understand how each step contributes to the overall goal. This type
of re�ection encourages users to think about the purpose behind
each action, enhancing their comprehension and decision-making
process.
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Challenging Assumptions Connection to Outcomes Hypothetical Scenarios

"Do we have to use this grind size?"
"Do we have to use this water temperature?"
"Is this step necessary?"
"Why in this way?"

"Does it affect the outcome?"
"What are we trying to achieve by doing this?"

"What if we pour all the water at once?"

Ta
sk

 A
Ta

sk
 B

"Is this step always necessary?"
"Why do we have to do it this way?"
"Do we have to do…?"

"What are we trying to achieve with…?"
"How does…contribute to the outcome?"
"Does it affect the outcome?"

"Is there any other way to do it?"
"What if we did it like…?"
"How should we do it if we use…instead?"

"Is this necessary?" "What are we trying to achieve with this step?"
"How does it contribute to the final outcome?"

"Is there any other way to do it?"
"What if we skip this step?"

Figure 5: The three types of re�ective prompts we concluded with the co-design session, with example prompts and the prompts

we integrated into the system we used in the evaluation study for Task A and Task B respectively.

[R3*]Hypothetical Scenarios. These prompts encourage users to
explore alternative ways to execute tasks, ways to execute the tasks
under a di�erent setting, or envision the consequences of di�erent
approaches. This re�ective practice helps in fostering �exibility and
creativity in problem-solving, particularly when users anticipate
performing similar tasks in the future.

4 EVALUATION STUDY

We conducted a study (N=16) to evaluate the impact of identi�ed
re�ective prompts on AR-guided task completion and the process
of following instructions in AR. Participants performed the same
two tasks: making pour-over co�ee and assembling circuits on a
breadboard, using the Apple Vision Pro.

4.1 Participants

Sixteen participants (P1-16, 5 female, 11 male; age: M = 24.2, SD =
3 years) were recruited from a local university. All were novices in
making pour-over co�ee and breadboard assembly. They received
105 CNY (15 USD) as compensation. Fifteen out of sixteen partici-
pants had prior AR experience.

4.2 AR Instructional System

We iterated on the AR instructional system used in the formative
study (as shown in Fig 6). Instructions were displayed as white text
overlays, with pre-de�ned clickable keywords providing additional
information when clicked. The keywords are clickable segments of
the instructions themselves, ranging from single words to complete
phrases, that users could click to get clari�cation or more details.
For example, in the instruction “Grind co�ee beans to a medium-
�ne consistency (similar to granulated sugar).”, “Grind co�ee beans”
and “medium-�ne consistency (similar to granulated sugar).” are
both clickable segments, which provides more detailed information
upon clicked. Task A contained 30 such clickable segments, while
Task B had 22. Compared to the WoZ approach applied in the

formative study, this design standardized the amount of information
participants could access. We also added “Next” and “Previous”
buttons that allowed participants to navigate at their own pace. The
experimenter had no control over the system during the experiment.

In the re�ective condition, yellow re�ective prompts appeared
in smaller font below the main instructions, 3 seconds after each
new instruction step. Seven of the thirteen co�ee-making steps and
�ve of the eight circuit assembly steps included re�ective prompts.
These prompts were questions based on the current step, derived
from the three types of prompts summarized from the formative
study: Challenging Assumptions, Connection to Outcomes,
and Hypothetical Scenarios (as shown in Fig. 5).

4.3 Design

We investigated the inclusion of re�ective prompts as the indepen-
dent variable with two levels: with vs. without re�ective prompts.
In the re�ective condition, prompts were embedded within the AR
instructions to encourage deeper re�ection, while the non-re�ective
condition provided standard AR instructions without any re�ective
elements.

We added task type as an additional random variable to obtain
results applicable to di�erent tasks. We applied the same two tasks
as formative study (Task A: making pour-over co�ee, Task B: assem-
bling circuits on a breadboard). Success for Task A was de�ned as
maintaining the correct co�ee-water ratio and applying the proper
water-pouring technique. For task B, success was determined by
lighting up two red LEDs.

Each participant experienced each task once, one in the re�ective
condition and the other in the non-re�ective. We counterbalanced
the task and re�ection condition combination: half of the partici-
pants performed the co�ee-making task in the re�ective condition
and the circuit assembly task in the non-re�ective condition, while
the other half experienced the reverse combinations. Task order
was also counterbalanced among participants.
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With Reflective PromptsWithout Reflective Prompts

(a) (b)

(c) (d)

<Translation> Slowly pour hot water in a spiral 
motion until the scale shows about 85 grams.

<Translation> Put coffee grounds into the filter 
and gently tap the dripper to level the grounds.

<Translation> [keyword: 
gently tap the dripper] Level 

the coffee grounds to 
ensure water evenly 

contacts the coffee. This 
helps prevent water from 
quickly flowing through 

certain areas, leading to 
uneven extraction.

<Translation> Is this step 
necessary?

<Translation> Plug in 2 LEDs: The anode (longer lead) of each 
LED should be inserted into the same column as the resistor.

<Translation> [keyword: the 
same column] Holes that 

are vertically laid out on the 
breadboard, internally 

connected.

<Translation> Use jumping wire to connect the cathode (shorter 
lead) of the LED to to the negative rail.

<Translation> What are we 
trying to achieve with this 

step?

Figure 6: Image (a), (b), (c), and (d) are screenshots of the participants’ view in the Apple Vision Pro. Participants can click

on words in the instructions to get more information wrapped in a rectangular window, as shown in (b) and (c). Interactable

keywords are not distinguishable from regular instruction words. They can click on a “Previous” and a “Next” button to navigate

through the instruction steps freely, as shown in (b). Re�ective prompts are presented as non-interactable smaller yellow text,

as shown in (b) and (d). English translations was added to the screenshots for clarity and are not part of the original interface.

We aimed to investigate the impact of re�ective prompts on the
overall user experience, knowledge intake of users, and their will-
ingness to acquire relevant information. We recorded the number of
clicks on the keywords as indicators of participants’ willingness to
acquire additional task-related information. We used a post-study
questionnaire including four questions from the NASA Task Load
Index (NASA-TLX) to measure cognitive load, and three questions
from the System Usability Scale (SUS) to evaluate the AR system’s
usability. For each task, we designed a multiple-choice quiz to assess
howwell participants remember the task procedure and understand
the rationale behind the actions. Each quiz covered three types of
questions: basic conceptual understanding, factual memory recall,
and knowledge transfer to new contexts. Task A’s quiz contained
10 questions in total, and Task B’s contained 11 questions.

Although participants had no prior experiencewith the two tasks,
they might have relevant knowledge of speci�c quiz questions.
Therefore, we also asked participants to mark whether they knew
the answer to each question before the study. In data analysis, we
excluded those questions that participants marked as known before.
Across all participants, we excluded an average of 1.1 questions
per participant per quiz due to prior knowledge. We also recorded
the task outcome of each task as either success or failure. Through

the study, we encouraged the participants to adopt the think-aloud
protocol, and we also conducted an exit interview to collect their
feedback. We did not measure participants’ task completion time
as think-aloud protocol is adopted.

4.4 Procedure

Upon arrival, participants were briefed on the study’s purpose and
provided informed consent. They then completed a pre-task ques-
tionnaire to collect demographic data and assess their pre-task
interest in each task. Participants engaged in a warm-up session
to familiarize themselves with the AR device and the environment.
Similar to the formative study, participants were instructed to ap-
proach the tasks as they would any new, everyday task (e.g., fol-
lowing online instructions to cook a dish). We did not provide any
speci�c learning goals or objectives and emphasized that there was
no single “correct” way to complete the tasks, encouraging natural
interactions and revealing gaps between instruction-following and
understanding the underlying principles.

Then participants completed both tasks consecutively with a
three-minute break in between. After completing both tasks, par-
ticipants completed the post-task questionnaire and quizzes. We
then conducted a semi-structured interview with participants to
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(a) Quiz Scores (b) Keyword Interaction

Figure 7: (a) Quiz score distribution comparing non-re�ective

and re�ective conditions. (b) Click rate (keyword interaction

rate) distribution comparing non-re�ective and re�ective

conditions.

collect insights on their overall experience, encountered challenges,
suggestions, and feedback for the system. During the interviews,
we disclosed the study’s purpose to participants to keep them fully
informed.

4.5 Quantitative Results

�iz Scores as a Measure of Objective Understanding. Quiz
scores were calculated by excluding any questions where partici-
pants indicated that they already knew the answer before the task.
As task type is a random variable, we normalized quiz scores within
each task using z-score normalization to account for potential dif-
ferences in quiz di�culty. Shapiro-Wilk tests con�rmed that quiz
scores for each task followed a normal distribution before normal-
ization.

A paired sample t-test showed that tasks completed with re�ec-
tive prompts resulted in signi�cantly higher objective understand-
ing compared to those without (t(15)=2.33, p<.05, Cohen’s d=0.582),
with re�ective prompts leading to a 0.66 standard deviation increase
in quiz scores (as shown in Fig 7a).

Keyword Interaction as a Measure of Information Seeking

Frequency. We calculated the total number of unique keywords
clicked by participants during each task. For keywords clicked
multiple times, only the �rst click was counted. The total click rate
per task was determined by dividing the number of clicks in steps
with re�ective prompts by the total number of clickable keywords
in those steps.

We used Min-Max normalization to account for potential dif-
ferences between tasks. Shapiro-Wilk tests con�rmed that click
rates followed a normal distribution before normalization. A paired
sample t-test revealed that click rates in re�ective conditions were
signi�cantly higher than in non-re�ective conditions (re�ective:
M=0.538, SD=0.324; non-re�ective: M=0.32, SD=0.264; t(15)=2.943,

Figure 8: Correlation map showing relationships between

key variables: re�ection condition, keyword interaction, ob-

jective understanding, subjective understanding, task suc-

cess, task self-e�cacy, interest in the task and motivation

to understand the underlying principles behind steps (weak

correlation: |r| = 0.10 to 0.29; moderate correlation: |r| = 0.30 to

0.49; strong correlation: |r| = 0.50 to 1.00). Asterisks indicate

statistical signi�cance (* p<.05, ** p<.01).

p<.05, Cohen’s d=0.736), indicating that participants sought task-
related information 68.75% more often when re�ective prompts
were present (as shown in Fig 7b).

Subjective Understanding. In the post-task questionnaire, par-
ticipants rated their understanding of each task on a scale from 1
(no understanding) to 5 (perfect understanding). Shapiro-Wilk tests
con�rmed that subjective understanding followed a normal distri-
bution for both tasks. For Task A, there is no signi�cant di�erence
in subjective understanding between the two conditions. However,
for Task B, the subjective understanding is signi�cantly lower with
the presence of re�ective prompts compared to without (re�ec-
tive: M=3, SD=1.31; non-re�ective: M=4, SD=0.93; t(7)=3.035, p<.05,
Cohen’s d=1.073), as revealed by a paired sample t-test. It implies
the presence of re�ective prompts could lower users’ perceived
understanding of the task.

Subjective understanding positively correlated with keyword
interaction (r=0.427, p<.05), indicating that greater information
seeking was linked to better perceived understanding. It also cor-
related with interest in the task (r=0.367, p<.05) and motivation to
understand task principles (r=0.39, p<.05) (as shown in Fig 8). How-
ever, subjective understanding is neither correlated with objective
understanding nor task success, indicating a discrepancy between
actual and perceived task understanding.

Task Self-E�icacy. In the post-task questionnaire, participants
rated how con�dent they would be of performing each task in
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the future independently on a scale from 1 (not con�dent at all)
to 5 (perfectly con�dent). Shapiro-Wilk tests con�rmed that task
self-e�cacy followed a normal distribution for both tasks. Paired
sample t-test showed there is no signi�cant di�erence between task
self-e�cacy under the two re�ection conditions.

Task self-e�cacy is positively correlated with subjective un-
derstanding (r=0.476, p<.01). Similarly, task self-e�cacy is neither
correlated with objective understanding nor task success, indicating
a discrepancy between actual and perceived task e�cacy.

Task Success. Success rates were higher under the re�ective con-
dition (94.8%) compared to the non-re�ective condition (68.8%). A
chi-square test of independence was performed to examine the
relation between re�ection conditions and task success. The rela-
tion between these variables was not statistically signi�cant(j2(1,
N=16)=2.347, p=0.126, Φ=0.383). However, a moderate e�ect size
was observed, which means the absence of statistical signi�cance
could be due to the limited sample size. Besides, task success is also
positively correlated with participants’ objective understanding
(r=0.411, p<.05, as shown in Fig. 8), which implies that deepening
task understanding is intrinsically aligned with the goal of task
completion.

Influence of Reflective Prompts. In the post-task questionnaires,
we asked the participants on a 5-point Likert scale how they per-
ceived the re�ective prompts in the tasks. Most participants either
agree or strongly agree that the re�ective prompts motivated them
to understand the underlying principles behind the steps (11/16),
and more than half of the participants either agree or strongly
agree that the re�ective prompts increased their interest in the
tasks (9/16). Almost half of the participants either agree or strongly
agree that the re�ective prompts improved the quality of their task
completion (7/16). Participants were overall neutral about whether
re�ective prompts have engaged them more in the tasks (M=3.125,
SD=1.025). Most participants either disagree or strongly disagree
that the re�ective prompts burdened their minds (12/16) and that
the re�ective prompts distracted them during the tasks (11/16) (as
shown in Fig 9).

Cognitive Load. We did not observe any statistically signi�cant
di�erence between the mental demand, physical demand, perceived
performance, and frustration of the re�ective and non-re�ective
conditions (as shown in Fig 10).

System Usability. We did not observe any statistically signi�cant
di�erence between the system usability of the two conditions. It
means the integration of re�ective prompts into such an AR in-
structional system does not lower the system usability (as shown
in Fig 10).

Trust in AR Instructions. Participants demonstrated high trust
in the AR system, with trust scores averaging 4.94 (SD = 0.25) for
Task A and 4.5 (SD = 1.03) for Task B on a 5-point Likert scale. In
the follow-up interviews, participants expressed strong con�dence
in the instructions, with comments like “I trusted the instructions
100%” (P2, P3, P8, P9, P11, P13) and “I never doubted it before I failed
the task.” (P2, P4)

4.6 Qualitative Results

We collected qualitative data through multiple sources: video and
audio recordings of participant sessions, interview transcripts, think-
aloud protocols, and researcher observation notes. One author went
through the session recordings, transcripts, and notes and captured
qualitative insights with open thematic analysis [12]. The rest of
this section presents the key themes that emerged from the analysis.

Reflective Prompts are Non-Intrusive to Task Completion.

Participants generally responded positively to the re�ective prompts
(15/16), appreciating their concise and unobtrusive nature. P5 re-
marked, “The prompts were short and not redundant.” Others (P2, P6,
P8, P14, P16) noted that the prompts were not mentally taxing and
could be easily ignored if they wanted to focus on task completion.

Several participants (P6, P12) reported that the prompts didn’t
signi�cantly slow task completion, especially when they appeared
during less cognitively demanding steps. P6 emphasized the im-
portance of syncing prompts with the task’s “rhythm” to avoid
disrupting more challenging moments. P1, P12, and P13 added that
the deeper understanding gained was worth the slight slowdown,
particularly during the �rst attempt.

Reflective Prompts Enhance Task Execution andUnderstand-

ing. While participants appreciated the non-intrusive nature of the
re�ective prompts, they also highlighted their practical bene�ts. P2,
P3, P4, P6, and P15-16 mentioned that the prompts encouraged them
to “think before they leap”, resulting in more deliberate, mindful
task execution and improved task quality.

Some participants (P5, P11, P13) mentioned that the prompts
would have motivated them to seek more information and explore
further, if not limited by our prototype system. Even for intrinsically
motivated users, participants felt that re�ective prompts had made
exploration more e�cient and focused (P3, P5, P11). Additionally,
some suggested that the prompts helped reinforce understanding
and accelerate learning (P10, P12).

Reflective Prompts Break the Automatic Execution of Steps.

Some participants felt the prompts aligned well with their natural
thought processes. P2, P5, P12, and P13 noted that the prompts often
mirrored their internal re�ections, but appreciated seeing them
explicitly as they validated �eeting thoughts or doubts that might
otherwise be overlooked (P6, P10, P13). Additionally, participants
like P13-15 valued how the prompts occasionally introduced new
perspectives, enhancing their understanding of the task.

Most participants also observed that clear instructions without
re�ective prompts often led to automatic execution of steps without
deeper thoughts (13/16). For example, P4 mentioned that while he
initially had questions on how to connect components in series on
a breadboard, he quickly forgot these questions once he proceeded
smoothly with the instructions. In the interview, P4 remarked, “If
there were re�ective prompts in that task, I would probably have

stopped and thought that through.” Similarly, others (P2, P4, P8)
suggested that re�ective prompts at key moments could create a
“mental pause”, breaking the automatic �ow and encouraging users
to be more mindful of their actions.

Reflective Prompts Reduce Rigid Instruction Following. Al-
though participants had the freedom to navigate the steps indepen-
dently, many still adhered rigidly to the instructions, particularly
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Figure 9: Opinions on re�ective prompts. This Likert scale chart shows participants’ responses to six statements about the

impact of re�ective prompts in AR instructions. Responses range from “Strongly Disagree” to “Strongly Agree” across various

aspects that re�ective prompts might impact, including motivation to understand principles, interest in the task, quality of

task completion, engagement, mental burden, and distraction.

Figure 10: This horizontal bar chart displays mean ratings

on a 5-point scale for four NASA TLX dimensions (Mental

Demand, Physical Demand, Frustration, and Performance)

and three SUS questions related to system use frequency, ease

of use, and perceived complexity across the re�ective and

non-re�ective conditions.

in non-re�ective conditions. For example, in Task A, several partic-
ipants in the non-re�ective condition waited for the water to boil
before proceeding to the next step, even though it wasn’t necessary
(P7, P14). P3 followed the instructions to zero the scale without
realizing the scale’s purpose was to measure the amount of water
he poured.

As P8 commented on her experience of Task B in non-re�ective
condition, “It’s only when I started to think after the task that I

realized the hole alignments were not necessary.” Re�ective prompts
could potentially raise users’ awareness of why a step is necessary,
helping them avoid rigid instruction following throughout the task
completion.

Reflection Triggered by Mistakes and Deviations. In addition
to re�ection triggered by the system’s re�ective prompts, partic-
ipants often initiated re�ection when they sensed the potential
for mistakes or realized they had deviated from the instructions.

This observation is consistent with �ndings from our formative
study. Re�ective prompts that linked actions directly to outcomes
were particularly e�ective, as they helped participants understand
how certain steps contributed to either success or failure (P1, P7,
P8, P9). While our prototype system did not include this feature,
these insights suggest that error-prone moments could serve as
valuable opportunities for re�ective prompts, especially with the
context-aware capabilities of AR.

The Temptation and Caution of Mindless Instruction Follow-

ing. Although the automatic execution of steps is often uncon-
scious, participants recognized the tempting bene�t of consciously
following instructions mindlessly. Even those who valued under-
standing acknowledged the convenience of AR instructions, par-
ticularly in reducing cognitive load and minimizing the need for
memorization. P3, P8, and P14 noted that while understanding is
important, AR systems help o�oad mental e�ort, allowing users to
focus on other tasks. P11 o�ered an analogy, comparing AR-guided
tasks to driving with GPS navigation: “When you can just follow

turn-by-turn directions, you can spare the attention from navigation

to more important things. In real life, I’d probably be watching videos,

chatting with friends, or doing something else entertaining. That’s

just how people are, right?”

Despite its convenience, most participants still expressed reser-
vations about becoming too dependent on such systems (13/16). P1
and P2, for instance, worried that constant reliance on AR instruc-
tions might reduce engagement with the task, making it feel less
immersive. P1 remarked, “I don’t like it when the instructions feel

too close. It feels like it’s pressuring me to follow them, even though I

know they’re just there to assist.”

Necessity to Reflect During AR-Guided Task Completion.

Participants expressed varying opinions on the importance of re-
�ection and understanding when following AR-guided instructions.
While most acknowledged the value of re�ection, some believed
it was not always necessary if the system provided accurate, step-
by-step guidance. For example, P8 noted that even outside of AR
contexts, many people in workplaces often follow instructions me-
chanically, without fully understanding the reasoning behind them.
She suggested that AR systems could further streamline this process,
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increasing productivity by reducing the need for deep comprehen-
sion of tasks.

However, the majority of participants (14/16) believed that re�ec-
tion and deeper understanding are often important in AR-guided
task completion, whether through intrinsic motivation or external
cues, such as re�ective prompts. Several participants voiced con-
cerns about the long-term e�ects of not developing independent
skills. P6, for instance, worried: “What if it gives me the wrong in-

structions, or stops providing them altogether? Would everything fall

apart? That feels risky.” P3 echoed this sentiment, stressing that
understanding becomes essential in tasks where safety is involved.
Some participants (P1, P3, P7, P10, P12) emphasized that re�ection
is particularly crucial for tasks that are frequent or complex. P14
further cautioned that overreliance on AR instructions without
re�ection could lead to super�cial knowledge: “If systems like this

become more pervasive, we might know how to do a lot of things, but

we won’t truly master them. That could make us more replaceable.”

Priority between Task Completion and Understanding. Par-
ticipants had mixed views on whether the system should prioritize
task completion or understanding. Some believed the two goals
were complementary, with understanding naturally enhancing task
performance (P5, P9, P13-15). Others felt the system must carefully
balance these objectives (P5, P10). P11 suggested focusing on e�-
cient task completion, with understanding as a secondary bene�t,
while P1 argued that the system should actively promote under-
standing, especially for valuable long-term skills. Some participants,
particularly in educational contexts, even proposed enforcing learn-
ing, especially for children (P13, P14).

When given a choice, participants’ preferences varied. P5 and
P12 expressed, “I’ll probably always choose to understand it �rst.”

Most participants preferred understanding for tasks that weremean-
ingful, frequent, or important, noting that repeatedly relying on
instructions for the same task can become tedious (P3, P10). Some
were motivated to understand to have control over the process (P7),
while others found deeper understanding more satisfying (P9, P10,
P12).

They also recognized situations where task completion should
take priority—such as for temporary tasks (P2, P7, P14), trivial tasks
(P13), or when speed is essential (P1, P7). Participants suggested
the system should adapt to these contexts or o�er di�erent modes
for users to choose from (P1, P6).

Overall, participants favored a system that balances task com-
pletion with fostering understanding (16/16).

5 DESIGN IMPLICATIONS: REFLECTIVE AR
INSTRUCTIONAL SYSTEMS

In this section, we synthesize insights from both the formative and
evaluation studies to propose design guidelines for re�ective AR
instructional systems that balance task completion with user under-
standing. Even we have only explored textual re�ective prompts in
this paper, to build a re�ective AR instructional system could use
a wide range of re�ective elements, such as visual cues accompa-
nied with re�ective prompts, auditory re�ective prompts or simply
visual cues with subtle questioning implied. In this section, we dis-
cuss the broader design implication of designing AR instructional
systems with such re�ective elements.

5.1 Design Guidelines

5.1.1 Non-Intrusive Reflective Elements. In AR instruction contexts,
task completion is often prioritized, so re�ective elements must be
seamlessly integrated to promote understanding without compro-
mising e�ciency. The system should provide an option for users
to focus solely on rapid task completion, especially for trivial or
temporary tasks. This “e�cient task completion mode” allows users
to bypass re�ective prompts and in-depth guidance when mere task
completion is prioritized. Additionally, re�ective elements should
align with the natural �ow of tasks. They should relate directly
to the current step and enhance user understanding without dis-
rupting focus. Ideally, these elements would surface only during
moments of lower task intensity, allowing users to engage with
them when they have the cognitive bandwidth to do so, minimizing
the risk of overwhelming users.

5.1.2 Interactive Reflection Process. Re�ection should be an in-
teractive process that deepens user understanding, particularly
when users encounter challenges, make errors, or rigidly follow
instructions. Although the re�ective prompts used in the study
were designed to be non-interactive to minimize bias, several par-
ticipants (P6, P7, P9, P16) expressed that interactive prompts could
foster deeper exploration. The system could o�er users the option
to delve into concepts more thoroughly on demand. This could
include links to additional resources, explanations, or interactive
examples, encouraging critical thinking about the task at hand.

Additionally, providing real-time error feedback is crucial. When
users make mistakes, the system should o�er immediate feedback,
explaining the error and its impact on the task outcome. This kind
of direct feedback helps users understand the consequences of their
actions and revise their mental models, promoting deeper learning
and preventing repeated errors.

5.1.3 Encouraging Necessary Understanding. The system should
promote deeper understanding in scenarios where it is most bene�-
cial, such as during high-stakes, complex, or frequently performed
tasks that are valuable to users. In these cases, encouraging users to
engage with core concepts can enhance their long-term pro�ciency
and independence. However, for routine or less critical tasks, the
system should remain �exible, allowing users to prioritize e�ciency
and bypass re�ection. Some users, particularly those less intrinsi-
cally motivated, value motivational reinforcement. For example,
P1 and P4 noted the usefulness of motivational nudges, especially
when the tasks were important or frequently encountered.

5.1.4 Respecting User Autonomy. Maintaining user control over
the AR instructional system is essential, particularly regarding re-
�ective elements and the level of guidance provided. Respecting
user autonomy enhances satisfaction and ensures �exibility, al-
lowing the system to cater to individual needs and preferences.
Re�ective elements should be framed in a friendly, conversational
tone that encourages engagement without making users feel pres-
sured or overwhelmed. Additionally, o�ering customizability is key.
Users should be able to tailor the content and depth of both in-
structions and re�ective elements, ensuring that the system adapts
to their preferences while giving them the freedom to shape their
experience.
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5.1.5 Adaptive and Context-Aware Guidance. AR instructional sys-
tems that encourage user understanding should dynamically adjust
their level of guidance based on user performance, task complex-
ity, and familiarity. When users are unfamiliar with tasks or face
di�culties, more support should be o�ered. Conversely, as they
gain pro�ciency, assistance should gradually decrease, but not in
a way that hinders task completion. Unlike traditional sca�old-
ing in educational contexts, where reducing support is intended
to challenge the learner, the goal here is to maintain ease of use
while promoting independence. This adaptive approach encourages
users to move beyond reliance on instructions as a “crutch,” helping
them develop greater independence and a deeper understanding
of the task. By setting the expectation that guidance will taper
o� over time, the system encourages greater self-su�ciency and
deeper understanding without introducing unnecessary complexity
or frustration.

5.2 Re�ective AR Instructions in Broader
Scenarios

While our empirical studies focused on two speci�c tasks, we ex-
plore how the concept of incorporating re�ective elements into AR
instructions might extend to other scenarios. To facilitate discussion
and inspire future research, we propose examining tasks through
the lens of potential re�ection values—the speci�c bene�ts that
re�ection can bring to task performance. By identifying where re-
�ection adds the most value, designers can adapt the guidelines in
Section 5.1 to optimize these bene�ts and create more engaging,
e�ective instructional experiences.

5.2.1 Reflection Values. We identify �ve main aspects where re-
�ection can enhance user learning and performance. Tasks may
engage multiple re�ection values depending on their complexity
and context.

Safety. Re�ection supports safety in two key ways. First, it miti-
gates the risk of users mindlessly following AR instructions, which
are inherently limited by hardware constraints in detecting poten-
tial hazards (e.g., tactile feedback, odors, or speci�c environmental
factors). Humans possess instincts and multi-sensory capabilities to
assess risks, and over-reliance or overtrust in AR may erode these
critical skills.

Second, re�ection enhances users’ understanding of the safety
implications of speci�c steps, ensuring they grasp the rationale
behind key actions and anticipate the potential consequences of
improper execution. For example, in rock climbing, the PBUS (Pull,
Brake, Under, Slide) belaying technique5 requires precise hand
positioning and rope control. While AR can visually demonstrate
the steps, users must re�ect on why these seemingly arbitrary hand
positions are essential to maintaining safety.

When the primary re�ection value for a task is safety, system
designers may consider reinforcing the guideline 5.1.3 by incorpo-
rating non-dismissable critical re�ective elements and explor-
ing ways to increase the frequency and prominence of re�ection
prompts. However, it is equally important to carefully evaluate
the timing of these re�ective elements to ensure they do not split

5https://www.wikihow.com/Belay

users’ attention or inadvertently introduce potential risks during
operation.

�ality. Re�ection can also improve the quality of task perfor-
mance. While instructions provide a clear path to completing a task,
they do not always lead to the best possible outcome. Novice users,
in particular, may struggle to establish the mental frameworks nec-
essary to evaluate task quality if they lack a deeper understanding
of the task. Without this understanding, they may fail to recog-
nize opportunities to optimize their performance beyond simply
following the prescribed steps.

For example, in photography, novice users might rigidly follow
parameters and perspectives given by AR instructions without
understanding their purpose—such as balancing elements for visual
appeal. This can prevent them from recognizing when breaking
these guidelines, like centering a subject or using negative space
that might better capture the mood or story of a scene. By re�ecting
on the principles behind these parameters, users can adapt their
framing dynamically, producing photos that are not only technically
correct but also more expressive and impactful.

When task performance quality is the primary re�ection value,
system designers could provide real-time feedback on errors

and improvement opportunities. Following guideline 5.1.2, this
feedback might highlight ways to enhance current performance
and re�ne future e�orts. Encouraging users to explore alternative
methods can also help them understand how di�erent approaches
impact outcome quality, leading to better results.

E�iciency. Re�ection can improve task e�ciency by helping users
recognize when rigid adherence to instructions is unnecessary.
While AR instructions aim for precision, this can sometimes lead
to ine�ciency if users follow every detail without understanding
the rationale.

For example, in our formative study, F3 attempted to add water
until the scale showed 85g but overshot the target. To correct this,
they removed co�ee, dropping the weight below 85g, and then
addedwater again. This back-and-forth adjustment wasted time and
diluted the co�ee, whereas a simple adjustment to the subsequent
pour could have resolved the issue.

When e�ciency is the primary re�ection value, system designers
could follow guidelines 5.1.1 and 5.1.5 by providing non-intrusive
re�ections thatminimize disruption and reduce overly detailed

instructions based on context and user expertise. Additionally,
adopting guideline 5.1.3 can help users distinguish between critical
and �exible steps.

Customizability. Re�ection can enhance customizability by help-
ing users identify opportunities to adapt instructions to their pref-
erences. While AR systems may learn user preferences over time,
they could still struggle to provide highly customized instructions
in novel tasks. Without understanding the principles behind each
step, users may be unable to safely or e�ectively customize tasks.

For instance, in cooking, understanding the purpose of speci�c
steps allows users to make informed modi�cations for desired �a-
vors or nutritional goals while preserving the dish’s essential char-
acteristics. This adaptability extends beyond the task, enabling
users to transfer these skills to other contexts. Guided re�ection
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Safety
Mitigate Risks and Promote 

Understanding of Implications

Quality
Improve Execution Quality and 

Optimize Outcomes

Efficiency
Reduce Rigid Execution and 

Improve Flexibility

Customizability
Enable Adaptation to 

Preferences

Skill
Foster Learning and Develop 

Skills

Equipment Maintenance
“How does this part support 
the entire structure?”

Physical Training
“What would happen if the 
bar is too far from your 
body?”

Photography
“How does light source 
position affect our photo 
contrast?”

Scientific Analysis
“Is filtering the solution twice 
necessary for this analysis?”

Public Presentation
“How are we supposed to 
deliver this part if the 
audience is not engaged?”

Furniture Assembly
“Does the order of these 
steps matter?”

Cooking
“How would extending the 
marination time change the 
flavor?”

Chess Playing
“If the opponent moves their 
knight here, how should we 
adjust our strategy?”

Musical Performance
“Would the sound differ if 
we hit it the center part of 
the cymbal?”

Art Creation
“What if we approached 
this section from light to 
dark instead?”

Figure 11: A range of representative re�ective AR instruction scenarios organized by �ve core re�ection values (Safety, Quality,

E�ciency, Customizability, and Skill). Each scenario shows physical tasks with virtual guidance (indicated in blue), with

a sample re�ective prompt that encourages deeper task understanding. Tasks may emphasize di�erent re�ection values

depending on contexts and personal objectives.

during task execution helps users recognize which elements can be
modi�ed and how to make purposeful adjustments.

When customizability is the primary re�ection value, system
designers could follow guideline 5.1.2 to inspire users with cus-

tomization possibilities and guideline 5.1.5 to create instructions
that dynamically adapt to users’ evolving preferences.

Skill. Re�ection supports skill development by helping users move
beyond task completion to understand underlying principles and
build mental models for independent problem-solving and decision-
making. By re�ecting, users can recognize patterns across tasks
and develop a deeper understanding of cause-e�ect relationships.

Skill development is almost always bene�cial, even for seemingly
trivial tasks, like furniture assembly, as it enables faster, more inde-
pendent performance in the future. However, engaging in re�ective
learning is ultimately a personal choice. While the bene�ts of skill
development are clear, respecting user autonomy in choosing their
level of engagement is essential.

When skill development is the primary re�ection value, all guide-
lines can be applied to encourage meaningful and interactive

exploration with sca�olding instructions. However, designers
should prioritize guideline 5.1.4 to respect users’ preferences for
how deeply they wish to engage in skill-building.

5.2.2 Limitations of AR Instructions. While AR instructions can
e�ectively support many tasks, their e�ectiveness could vary signif-
icantly across di�erent contexts. Certain fundamental limitations
of AR technology make some tasks less suitable for AR-based in-
struction or re�ective elements. Understanding these limitations is
crucial for determining where re�ective AR instruction systems can
be most e�ectively deployed. Here we identify several key factors
that may limit the e�ectiveness of AR instructions in tasks:

Tacit Knowledge and Physical Intuition. Tasks that heavily rely
on tactile feedback and physical intuition or information from other
channels such as smell and taste, may be di�cult to guide through
AR alone. The subtle sensations and muscle memory required in
these activities cannot be fully captured or conveyed through visual
overlays.

Time-Critical Responses. In situations requiring split-second de-
cisions or immediate physical reactions, such as sports performance
or emergency responses, AR guidance may introduce unwanted
latency or cognitive overhead. The time needed to process AR infor-
mation could interfere with natural re�exes and intuitive responses.

Social Interaction. While AR can provide cues for social situa-
tions, over-reliance on AR instructions in interpersonal scenarios
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might hinder authentic human connection and emotional under-
standing. Tasks like counseling or con�ict resolution require nu-
anced reading of social cues that AR systems may not fully capture.

6 DISCUSSION

6.1 Trust in AR Instructions

While all participants (16/16) reported being generally skeptical
of content from large language models (LLMs) like ChatGPT, they
did not express similar skepticism toward the AR instructions. The
high trust level likely stems from the immersive nature of AR,
where the overlays felt seamlessly integrated with the physical task.
Participants described the instructions as part of the physical tasks,
which likely reinforced their perception of instruction accuracy (P1,
P6).

Besides, the interface design of our prototype system may have
further reinforced this trust. The simple AR interface and the lack
of visible information sources may lead users to accept instructions
uncritically. This may be worth exploring in future studies, as our
interview �ndings suggest that increased trust in AR guidance often
leads to greater reliance on the instructions, resulting in more �uent
and con�dent task execution. When combined with the potential
for attention tunneling e�ect in AR [75], this trust and reliance
could raise safety concerns, as users may become more prone to
overlooking mistakes and hazards during task performance. While
reasonable trust can be bene�cial, novices often struggle to form
appropriate skepticism toward AI instructions. Beyond the �ve
main re�ection values proposed in Section 5.2.1, re�ective prompts
could encourage users to question not only tasks and steps, but
also how the system derives its instructions [47]. This could help
users better understand the system’s capabilities and limitations,
potentially enhance system explainability, and foster balanced trust
between novice users and AR instructional systems.

6.2 The Disconnect between Actual and
Perceived Task Competence

Our evaluation study revealed a notable disconnect between partici-
pants’ objective task competence (objective understanding and task
success) and their subjective competence (subjective understand-
ing and task self-e�cacy). While objective understanding and task
success were positively correlated (r=0.411, p<.05), and subjective
understanding and task self-e�cacy were similarly linked (r=0.476,
p<.01), there was no signi�cant relationship between objective and
subjective measures. Interestingly, task self-e�cacy was slightly,
though not signi�cantly, negatively correlated with task success
(r=-0.299), and a similar negative correlation appeared between
self-e�cacy and the re�ection condition (r=-0.299) (as shown in
Fig. 8).

This disconnect suggests that participants’ con�dence in their
abilities may not align with, and could even be negatively correlated
with their actual task performance, which aligns with the Dunning-
Kruger e�ect [41] where less competent individuals tend to over-
estimate their abilities. In our study, re�ective prompts may have
contributed to lower perceived competence in two ways. First, they
might have triggered questions in participants that exceeded the
prototype system’s capacity to address through its limited keyword
interactions and participants’ reasoning capabilities. Second, by

revealing the task’s underlying depth, the prompts led participants
to recognize knowledge gaps, potentially a�ecting their con�dence.
This e�ect may have been ampli�ed by participants’ single initial
exposure to the task.

Despite this, self-e�cacy remained moderate in both the re�ec-
tive (M=3.563, SD=1.209) and non-re�ective (M=3.813, SD=0.911)
conditions. A paired sample t-test con�rmed that re�ective prompts
did not signi�cantly lower self-e�cacy or subjective understanding.

Future work could investigate this competence-con�dence dis-
connect longitudinally to determine whether re�ective elements
help mitigate the Dunning-Kruger e�ect by cultivating more accu-
rate self and task assessment, or potentially lead to frustration with
self-e�cacy undermined. Understanding this relationship could
inform how to balance re�ection and con�dence-building in in-
structional systems.

6.3 The Challenge of Learning from
Instructions

Following instructions is inherently a linear process, guiding users
through a single, prede�ned solution path. However, achieving a
deeper understanding often requires a more nuanced, hierarchical
grasp of concepts. In both the formative and evaluation studies,
we found that while most participants could follow instructions
to connect two components on a breadboard, they often failed to
realize that the same pattern should be avoided when the goal was
not to connect components. As noted by F1, F2, and F7, instructions
alone do not promote reverse thinking or �exible problem-solving.

Developing comprehensive task pro�ciency requires more than
merely following instructions—it involves active observation, re-
�ection, and experimentation based on abstract conceptualization.
While re�ective prompts do not directly lead to complete mastery
or structured knowledge, they nudge users to step away from the
linear task execution process and engage with it from a higher-
level perspective. This shift in perspective can stimulate conceptual
understanding and curiosity to experiment further.

Re�ecting on the three types of e�ective prompts identi�ed in
the formative study—challenging assumptions, connecting actions
to outcomes, and exploring hypothetical scenarios—we found that
they provide a more e�ective approach to the instruction following
than the traditional linear mindset of “What is it?” and “How do I do
it?” These prompts instead foster a more critical thought process:
“Do I have to do it this way?”, “How does this contribute to my
desired outcome?”, and “How might I approach this in di�erent
circumstances?”

This mindset encourages critical thinking, skepticism toward
instructions, and �exibility in problem-solving, helping users avoid
rigid, overly precise adherence to steps. It also aids in building
correct mental models and identifying transferable knowledge, both
of which are essential for skill development. Ideally, this re�ective
mindset would become a natural part of task execution.

Computer interfaces have the potential to shape human think-
ing patterns. With the rise of large language models (LLMs), many
users have become increasingly reliant on technology, often at the
expense of critical thinking and active understanding [1, 7]. If this
trend were to extend to AR instructions as AR technology becomes
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more pervasive, users might be reduced to mere executors of in-
structions, losing the ability to make independent decisions when
needed. Therefore, we argue that instructional interfaces have the
responsibility to in�uence users in the opposite direction—toward
more mindful, critical, and intelligent engagement with tasks.

6.4 Rethinking Metacognitive Demands of
Generative AI in AR Instructional Contexts

Recent work has examined the metacognitive demands of working
with GenAI (Generative AI), primarily in screen-based interfaces
where interactions resemble a manager delegating tasks to a team
[66]. However, AR instructional contexts present a unique case
for metacognitive investigation due to their distinct interaction
patterns.

In AR environments, GenAI can understand users’ context through
both diegetic (users’ current context, predicted intentions) and non-
diegetic (explicit commands) inputs. Unlike traditional GenAI in-
teractions focused on task delegation, AR instruction-following
requires users to process and execute guidance themselves actively.
This shift from delegation to guided execution introduces di�erent
metacognitive demands, including self-awareness of past, present,
and future actions, and appropriate adjustment of con�dence and re-
liance based on continuous assessment of instruction and execution
quality.

While increased metacognitive demands in human-GenAI inter-
action could be viewed as a challenge to address [66], they might
actually be bene�cial in AR instructional contexts—and potentially
insu�cient. Research shows that easily processed information trig-
gers less cognitive processing compared to more challenging infor-
mation [2]. When instructions are too easy to follow, they may re-
duce both users’ cognitive processing during the task and bene�cial
metacognitive opportunities. This fundamental tension between
smooth task completion and promoting deeper task understanding
further justi�es our use of external re�ective prompts.

6.5 Limitation and Future Work

6.5.1 Evaluation of Knowledge Acquisition. In the evaluation study,
we employed quizzes as the primary method for evaluating knowl-
edge acquisition and retention. While quizzes are e�ective for as-
sessing factual recall and procedural understanding, their limita-
tions in capturing deeper cognitive engagement and real-world
applicability remain.

To address this limitation, future research could incorporate
alternative methods beyond quizzes, such as performance-based
assessments where participants independently complete tasks with-
out AR assistance, o�ering clearer insights into their application
of learned knowledge. Additionally, think-aloud protocols during
follow-up tasks, where participants verbalize their thought pro-
cesses, could o�er deeper insights into their understanding and
decision-making. Longitudinal studies that track knowledge reten-
tion over extended periods would help assess how well participants
retain and transfer knowledge to new contexts.

6.5.2 Generalizability of the Task. Our studies employed only two
tasks, which may not fully represent the diversity of tasks encoun-
tered in AR instructional systems. Additionally, participants may
have had varying levels of relevant knowledge of these tasks, which

could also in�uence their engagement with the re�ective prompts
and instructions.

Moreover, the binary success/failure outcome used in this study
does not fully capture the nuanced di�erences in task performance.
Future studies should consider including more diverse metrics, such
as errors made, corrective actions, task e�ciency, and unnecessary
over-precision. These measures provide deeper insights into how
re�ection in�uences task understanding and outcomes.

6.5.3 Generalizability of the Reflective Prompt Types. The re�ec-
tive prompts in this study were developed based on two speci�c
task scenarios—co�ee-making and circuit assembly. While these
tasks span di�erent domains, they may not encompass the full
range of contexts where re�ective prompts could be applied. Future
research could consider expanding, investigating, and evaluating
the re�ective prompt types and re�ection values in Section 5.2.1 in
more application scenarios.

6.5.4 Limited Observations of Behaviors. One of the signi�cant
limitations of this study is the short-term nature of our observa-
tions and limited sample size. Participants only interacted with
the AR instructional system once, and we were unable to observe
long-term usage patterns or the development of habitual behav-
iors. User interactions with AR technology may evolve over time
as familiarity increases and users integrate the system into their
everyday work�ow.

Furthermore, initial reactions to re�ective prompts may not re-
�ect long-term engagement. Prompts seen as disruptive during
early use might become more valuable over time, while initially
well-received prompts might lose e�ectiveness with repeated use.

7 CONCLUSION

This paper explored the role of re�ective prompts in enhancing
understanding during AR-guided task completion. Through a for-
mative survey and co-design sessions, we identi�ed and re�ned
three types of prompts: Challenging Assumptions, Connecting
to Outcomes, andHypothetical Scenarios. Our evaluation study
showed that these prompts signi�cantly improved participants’
objective task understanding and encouraged them to acquire more
task-related information. However, the prompts could potentially
lower perceived understanding. Drawing on both quantitative and
qualitative data, we proposed design guidelines for re�ective AR
instructional systems and discussed how they could generalize to
broader use case scenarios. This work contributes to the growing
�eld of AR as an instructional medium, demonstrating how embed-
ded re�ective prompts can in�uence both user comprehension and
task performance.

ACKNOWLEDGMENTS

This research was funded part by the NSERC Discovery Grant
RGPIN-2021-02857 and JST PRESTO Grant Number JPMJPR23I5.
We also thank all of the participants for our user study.

REFERENCES
[1] Muhammad Abbas, Farooq Ahmed Jam, and Tariq Iqbal Khan. 2024. Is it harmful

or helpful? Examining the causes and consequences of generative AI usage among
university students. International Journal of Educational Technology in Higher
Education 21, 1 (2024), 10.

16



From Following to Understanding: Investigating the Role of Reflective Prompts in AR-Guided Tasks to Promote Task UnderstandingCHI ’25, April 26-May 1, 2025, Yokohama, Japan

[2] Rakefet Ackerman. 2019. Heuristic cues for meta-reasoning judgments: Review
and methodology. Psihologijske teme 28, 1 (2019), 1–20.

[3] João Alves, Bernardo Marques, Miguel Oliveira, Tiago Araújo, Paulo Dias, and
Beatriz Sousa Santos. 2019. Comparing spatial and mobile augmented reality for
guiding assembling procedures with task validation. In 2019 IEEE international
conference on autonomous robot systems and competitions (ICARSC). IEEE, 1–6.

[4] Daniel Andersen, Chengyuan Lin, Voicu Popescu, Edgar Rojas Munoz, Maria Eu-
genia Cabrera, Brian Mullis, Ben Zarzaur, Sherri Marley, and Juan Wachs. 2018.
Augmented visual instruction for surgical practice and training. In 2018 IEEE
Workshop on Augmented and Virtual Realities for Good (VAR4Good). IEEE, 1–5.

[5] David P Ausubel. 1968. A Cognitive view. Educational psychology (1968).
[6] Maria Bannert. 2006. E�ects of re�ection prompts when learning with hyperme-

dia. Journal of Educational Computing Research 35, 4 (2006), 359–375.
[7] Hamsa Bastani, Osbert Bastani, Alp Sungu, Haosen Ge, Ozge Kabakcı, and Rei

Mariman. 2024. Generative ai can harm learning. Available at SSRN 4895486
(2024).

[8] Andrea Bellucci, Alberto Ruiz, Paloma Díaz, and Igancio Aedo. 2018. Investigating
augmented reality support for novice users in circuit prototyping. In Proceedings
of the 2018 international conference on advanced visual interfaces. 1–5.

[9] Daniel Ellis Berlyne et al. 1954. A theory of human curiosity. (1954).
[10] Frank Biocca, Charles Owen, Arthur Tang, and Corey Bohil. 2007. Attention

issues in spatial information systems: Directing mobile users’ visual attention
using augmented reality. Journal of Management Information Systems 23, 4 (2007),
163–184.

[11] David Boud, Rosemary Keogh, and David Walker. 2013. Re�ection: Turning
experience into learning. Routledge.

[12] Richard E Boyatzis. 1998. Transforming qualitative information: Thematic analysis
and code development. Sage.

[13] Michael W Boyce, Charles P Rowan, Paul L Shorter, Jason D Moss, Charles R
Amburn, Christopher J Garneau, and Robert A Sottilare. 2019. The impact of
surface projection on military tactics comprehension. Military Psychology 31, 1
(2019), 45–59.

[14] Evelyn M Boyd and Ann W Fales. 1983. Re�ective learning: Key to learning from
experience. Journal of humanistic psychology 23, 2 (1983), 99–117.

[15] Stephen D Brook�eld. 2017. Becoming a critically re�ective teacher. John Wiley
& Sons.

[16] Josef Buchner, Katja Buntins, and Michael Kerres. 2022. The impact of augmented
reality on cognitive load and performance: A systematic review. Journal of
Computer Assisted Learning 38, 1 (2022), 285–303.

[17] Sonia Castelo, Joao Rul�, Erin McGowan, Bea Steers, Guande Wu, Shaoyu Chen,
Iran Roman, Roque Lopez, Ethan Brewer, Chen Zhao, et al. 2023. Argus: Visual-
ization of ai-assisted task guidance in ar. IEEE Transactions on Visualization and
Computer Graphics (2023).

[18] Bo Chang. 2019. Re�ection in learning. Online learning 23, 1 (2019), 95–110.
[19] Chih-Hung Chen. 2020. Impacts of augmented reality and a digital game on

students’ science learning with re�ection prompts in multimedia learning. Edu-
cational Technology Research and Development 68, 6 (2020), 3057–3076.

[20] Tosti HC Chiang, Stephen JH Yang, and Gwo-Jen Hwang. 2014. An augmented
reality-based mobile learning system to improve students’ learning achievements
and motivations in natural science inquiry activities. Journal of Educational
Technology & Society 17, 4 (2014), 352–365.

[21] Heeryung Choi, Jelena Jovanovic, Oleksandra Poquet, Christopher Brooks, Srećko
Joksimović, and Joseph Jay Williams. 2023. The bene�t of re�ection prompts for
encouraging learning with hints in an online programming course. The Internet
and Higher Education 58 (2023), 100903.

[22] Arthur L Costa and Bena Kallick. 2008. Learning through re�ection. Learning
and leading with habits of mind 16 (2008), 221–235.

[23] Marilyn Wood Daudelin. 1996. Learning from experience through re�ection.
Organizational dynamics 24, 3 (1996), 36–48.

[24] Elizabeth A Davis. 2000. Sca�olding students’ knowledge integration: Prompts
for re�ection in KIE. International Journal of Science Education 22, 8 (2000),
819–837.

[25] Abhiraj Deshpande and Inki Kim. 2018. The e�ects of augmented reality on
improving spatial problem solving for object assembly. Advanced Engineering
Informatics 38 (2018), 760–775.

[26] John Dewey. 2022. How we think. DigiCat.
[27] Hitesh Dhiman and Carsten Röcker. 2024. Does the Medium Matter? A Compar-

ison of Augmented Reality Media in Instructing Novices to Perform Complex,
Skill-Based Manual Tasks. Proceedings of the ACM on Human-Computer Interac-
tion 8, EICS (2024), 1–28.

[28] Ahmet EJDER, Isa HASKOLOGLU, and Ali Kemal DÜZGÜN. 2012. Augmented
reality in military training and education. Defense Resources Management in the
21st Century (2012).

[29] Michele Fiorentino, Antonio E Uva, Michele Gattullo, Saverio Debernardis, and
Giuseppe Monno. 2014. Augmented reality on large screen for interactive main-
tenance instructions. Computers in Industry 65, 2 (2014), 270–278.

[30] Markus Funk, Thomas Kosch, and Albrecht Schmidt. 2016. Interactive worker
assistance: comparing the e�ects of in-situ projection, head-mounted displays,

tablet, and paper instructions. In Proceedings of the 2016 ACM international joint
conference on pervasive and ubiquitous computing. 934–939.

[31] Graham Gibbs. 1988. Learning by doing: A guide to teaching and learning
methods. Further Education Unit (1988).

[32] Lin Guo. 2022. How should re�ection be supported in higher education?—A meta-
analysis of re�ection interventions. Re�ective Practice 23, 1 (2022), 118–146.

[33] Shuang He, Yanhong Jia, Zhe Sun, Chenxin Yu, Xin Yi, Yuanchun Shi, and
Yingqing Xu. 2019. AR assistive system in domestic environment using HMDs:
Comparing visual and aural instructions. In Virtual, Augmented and Mixed Reality.
Multimodal Interaction: 11th International Conference, VAMR 2019, Held as Part
of the 21st HCI International Conference, HCII 2019, Orlando, FL, USA, July 26–31,
2019, Proceedings, Part I 21. Springer, 71–83.

[34] Lei Hou, Xiangyu Wang, Leonhard Bernold, and Peter ED Love. 2013. Using
animated augmented reality to cognitively guide assembly. Journal of Computing
in Civil Engineering 27, 5 (2013), 439–451.

[35] Min Jeong Kang, Ming Hsu, Ian M Krajbich, George Loewenstein, Samuel M
McClure, Joseph Tao-yi Wang, and Colin F Camerer. 2009. The wick in the candle
of learning: Epistemic curiosity activates reward circuitry and enhances memory.
Psychological science 20, 8 (2009), 963–973.

[36] Takashi Kawai, Jukka Häkkinen, Takashi Yamazoe, Hiroko Saito, Shinsuke Kishi,
Hiroyuki Morikawa, Terhi Mustonen, Jyrki Kaistinen, and Göte Nyman. 2010.
Ergonomic evaluation of ubiquitous computing with monocular head-mounted
display. In Multimedia on Mobile Devices 2010, Vol. 7542. SPIE, 9–17.

[37] Celeste Kidd and Benjamin Y Hayden. 2015. The psychology and neuroscience
of curiosity. Neuron 88, 3 (2015), 449–460.

[38] Patricia M King and Karen Strohm Kitchener. 1994. Developing Re�ective Judg-
ment: Understanding and Promoting Intellectual Growth and Critical Thinking
in Adolescents and Adults. Jossey-Bass Higher and Adult Education Series and
Jossey-Bass Social and Behavioral Science Series. ERIC.

[39] David A Kolb. 2014. Experiential learning: Experience as the source of learning and
development. FT press.

[40] Ulrike-Marie Krause and Robin Stark. 2010. Re�ection in example-and problem-
based learning: E�ects of re�ection prompts, feedback and cooperative learning.
Evaluation & research in education 23, 4 (2010), 255–272.

[41] Justin Kruger and David Dunning. 1999. Unskilled and unaware of it: how di�-
culties in recognizing one’s own incompetence lead to in�ated self-assessments.
Journal of personality and social psychology 77, 6 (1999), 1121.

[42] Sevda Küçük, Samet Kapakin, and Yüksel Göktaş. 2016. Learning anatomy via
mobile augmented reality: E�ects on achievement and cognitive load. Anatomical
sciences education 9, 5 (2016), 411–421.

[43] Ah-Fur Lai, Chih-Hung Chen, and Gon-Yi Lee. 2019. An augmented reality-based
learning approach to enhancing students’ science reading performances from the
perspective of the cognitive load theory. British Journal of Educational Technology
50, 1 (2019), 232–247.

[44] Ting-ling Lai. 2006. The e�ect of using peer discussion, learning journals and
question prompts to support re�ection in a distance learning environment. (2006).

[45] Eva Lampen, Jonas Teuber, Felix Gaisbauer, Thomas Bär, Thies Pfei�er, and
Sven Wachsmuth. 2019. Combining simulation and augmented reality methods
for enhanced worker assistance in manual assembly. Procedia Cirp 81 (2019),
588–593.

[46] J LaViola, B Williamson, Conner Brooks, Sergiu Veazanchin, Robert Sottilare,
and Pat Garrity. 2015. Using augmented reality to tutor military tasks in the
wild. In Proceedings of the Interservice/Industry Training Simulation & Education
Conference, Orlando, Florida.

[47] Q Vera Liao, Milena Pribić, Jaesik Han, Sarah Miller, and Daby Sow. 2021.
Question-driven design process for explainable AI user experiences. arXiv
preprint arXiv:2104.03483 (2021).

[48] Xiao-Fan Lin, Gwo-Jen Hwang, Jing Wang, Yue Zhou, Wenyi Li, Jiachun Liu, and
Zhong-Mei Liang. 2023. E�ects of a contextualised re�ective mechanism-based
augmented reality learning model on students’ scienti�c inquiry learning perfor-
mances, behavioural patterns, and higher order thinking. Interactive Learning
Environments 31, 10 (2023), 6931–6951.

[49] Chia-Chi Mao, Chien-Hsu Chen, and Chung-Chong Sun. 2017. Impact of an
augmented reality system on learning for army military decision-making pro-
cess (MDMP) course. In Advances in Ergonomics Modeling, Usability & Special
Populations: Proceedings of the AHFE 2016 International Conference on Ergonomics
Modeling, Usability & Special Populations, July 27-31, 2016, Walt Disney World®,
Florida, USA. Springer, 663–671.

[50] Muhsin Menekse, Saira Anwar, and Zeynep Gonca Akdemir. 2022. How do
di�erent re�ection prompts a�ect engineering students’ academic performance
and engagement? The Journal of Experimental Education 90, 2 (2022), 261–279.

[51] Antonio Meola, Fabrizio Cutolo, Marina Carbone, Federico Cagnazzo, Mauro Fer-
rari, and Vincenzo Ferrari. 2017. Augmented reality in neurosurgery: a systematic
review. Neurosurgical review 40 (2017), 537–548.

[52] Jack Mezirow et al. 1990. Fostering critical re�ection in adulthood. Jossey-Bass
Publishers San Francisco.

[53] Kou Murayama, Lily FitzGibbon, and Michiko Sakaki. 2019. Process account of
curiosity and interest: A reward-learning perspective. Educational Psychology

17



CHI ’25, April 26-May 1, 2025, Yokohama, Japan Zhang, Yan, and Suzuki

Review 31 (2019), 875–895.
[54] F Obermair, J Althaler, U Seiler, P Zeilinger, A Lechner, L Pfa�eneder, M Richter,

and Josef Wolfartsberger. 2020. Maintenance with augmented reality remote
support in comparison to paper-based instructions: Experiment and analysis. In
2020 IEEE 7th International Conference on Industrial Engineering and Applications
(ICIEA). IEEE, 942–947.

[55] Martin T Orne. 2017. On the social psychology of the psychological experiment:
With particular reference to demand characteristics and their implications. In
Sociological methods. Routledge, 279–299.

[56] Jarkko Polvi, Takafumi Taketomi, Atsunori Moteki, Toshiyuki Yoshitake,
Toshiyuki Fukuoka, Goshiro Yamamoto, Christian Sandor, and Hirokazu Kato.
2017. Handheld guides in inspection tasks: Augmented reality versus picture.
IEEE transactions on visualization and computer graphics 24, 7 (2017), 2118–2128.

[57] Ed Powell. 2005. Conceptualising and facilitating active learning: teachers’ video-
stimulated re�ective dialogues. Re�ective Practice 6, 3 (2005), 407–418.

[58] Mei Pu and Zheng Zhong. 2018. Development of a situational interaction game
for improving preschool children’performance in English-vocabulary learning. In
Proceedings of the 2018 international conference on distance education and learning.
88–92.

[59] Iulian Radu and Bertrand Schneider. 2019. What Can We Learn from Augmented
Reality (AR)? Bene�ts and Drawbacks of AR for Inquiry-based Learning of
Physics. In Proceedings of the 2019 CHI Conference on Human Factors in Computing
Systems (Glasgow, Scotland Uk) (CHI ’19). Association for Computing Machinery,
New York, NY, USA, 1–12. https://doi.org/10.1145/3290605.3300774

[60] Umair Rehman and Shi Cao. 2016. Augmented-reality-based indoor navigation: A
comparative analysis of handheld devices versus google glass. IEEE Transactions
on Human-Machine Systems 47, 1 (2016), 140–151.

[61] Kathleen Roskos, Carol Vukelich, and Victoria Risko. 2001. Re�ection and learning
to teach reading: A critical review of literacy and general teacher education
studies. Journal of Literacy Research 33, 4 (2001), 595–635.

[62] Donald A Schön. 2017. The re�ective practitioner: How professionals think in action.
Routledge.

[63] Alireza Sedighi, Sophia M Ulman, and Maury A Nussbaum. 2018. Information
presentation through a head-worn display (“smart glasses”) has a smaller in�u-
ence on the temporal structure of gait variability during dual-task gait compared
to handheld displays (paper-based system and smartphone). PLoS one 13, 4 (2018),
e0195106.

[64] Robin Stark and Ulrike-Marie Krause. 2009. E�ects of re�ection prompts on
learning outcomes and learning behaviour in statistics education. Learning
Environments Research 12 (2009), 209–223.

[65] Arthur Tang, Charles Owen, Frank Biocca, and Weimin Mou. 2003. Comparative
e�ectiveness of augmented reality in object assembly. In Proceedings of the SIGCHI
conference on Human factors in computing systems. 73–80.

[66] Lev Tankelevitch, Viktor Kewenig, Auste Simkute, Ava Elizabeth Scott, Advait
Sarkar, Abigail Sellen, and Sean Rintel. 2024. The metacognitive demands and
opportunities of generative AI. In Proceedings of the CHI Conference on Human
Factors in Computing Systems. 1–24.

[67] Amanda Wain. 2017. Learning through re�ection. British Journal of Midwifery
25, 10 (2017), 662–666.

[68] Chao-Hung Wang, Wei-Jen Lo, and Mao-Jiun J Wang. 2022. Usability evaluation
of augmented reality-based maintenance instruction system. Human Factors and
Ergonomics in Manufacturing & Service Industries 32, 3 (2022), 239–255.

[69] Zhuo Wang, Xiaoliang Bai, Shusheng Zhang, Mark Billinghurst, Weiping He,
Yang Wang, Dong Han, Gong Chen, and Jianghong Li. 2021. The role of user-
centered AR instruction in improving novice spatial cognition in a high-precision
procedural task. Advanced Engineering Informatics 47 (2021), 101250.

[70] Amelia C Warden, Christopher D Wickens, Daniel Rehberg, Francisco R Ortega,
and Benjamin A Clegg. 2023. Fast, accurate, but sometimes too-compelling
support: The impact of imperfectly automated cues in an augmented-reality head-
mounted display on visual search performance. IEEE Transactions on Human-
Machine Systems (2023).

[71] Nicolas Wenk, Joaquin Penalver-Andres, Rara Palma, Karin A Buetler, René Müri,
Tobias Nef, and Laura Marchal-Crespo. 2019. Reaching in several realities: motor
and cognitive bene�ts of di�erent visualization technologies. In 2019 IEEE 16th
International Conference on Rehabilitation Robotics (ICORR). IEEE, 1037–1042.

[72] Thomas D Wilson. 2024. Curiosity and information-seeking behaviour: a re-
view of psychological research and a comparison with the information science
literature. Journal of Documentation 80, 7 (2024), 43–59.

[73] Guande Wu, Jing Qian, Sonia Castelo Quispe, Shaoyu Chen, João Rul�, and
Claudio Silva. 2024. ARTiST: Automated Text Simpli�cation for Task Guidance
in Augmented Reality. In Proceedings of the CHI Conference on Human Factors in
Computing Systems. 1–24.

[74] Zhen Yang, Jinlei Shi, Wenjun Jiang, Yuexin Sui, Yimin Wu, Shu Ma, Chunyan
Kang, and Hongting Li. 2019. In�uences of augmented reality assistance on
performance and cognitive loads in di�erent stages of assembly task. Frontiers in
psychology 10 (2019), 458057.

[75] Michelle Yeh and Christopher D Wickens. 2001. Display signaling in augmented
reality: E�ects of cue reliability and image realism on attention allocation and
trust calibration. Human Factors 43, 3 (2001), 355–365.

[76] Ke-yu Zhai, Yi-ming Cao, Wen-jun Hou, and Xue-ming Li. 2020. Interactive
Mixed Reality Cooking Assistant for Unskilled Operating Scenario. In Virtual,
Augmented and Mixed Reality. Industrial and Everyday Life Applications: 12th
International Conference, VAMR 2020, Held as Part of the 22nd HCI International
Conference, HCII 2020, Copenhagen, Denmark, July 19–24, 2020, Proceedings, Part
II 22. Springer, 178–195.

[77] Barry J Zimmerman. 2002. Becoming a self-regulated learner: An overview.
Theory into practice 41, 2 (2002), 64–70.

18

https://doi.org/10.1145/3290605.3300774

	Abstract
	1 Introduction
	2 Related Work
	2.1 Task Guidance in AR
	2.2 Reflective Prompts in Educational Contexts
	2.3 Learning by Doing

	3 Formative Study
	3.1 Survey of Reflective Prompts
	3.2 Co-Design Session
	3.3 Design Considerations and Updated Reflective Prompts

	4 Evaluation Study
	4.1 Participants
	4.2 AR Instructional System
	4.3 Design
	4.4 Procedure
	4.5 Quantitative Results
	4.6 Qualitative Results

	5 Design Implications: Reflective AR Instructional Systems
	5.1 Design Guidelines
	5.2 black Reflective AR Instructions in Broader Scenarios

	6 Discussion
	6.1 Trust in AR Instructions
	6.2 The Disconnect between Actual and Perceived Task Competence
	6.3 The Challenge of Learning from Instructions
	6.4 black Rethinking Metacognitive Demands of Generative AI in AR Instructional Contexts
	6.5 Limitation and Future Work

	7 Conclusion
	Acknowledgments
	References

