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Abstract

Creating Augmented Reality (AR) instructions for industrial guid-
ance remains labor-intensive, while fully automated solutions are
often impractical. To bridge this gap, we present VisAARD, an open-
source, human-in-the-loop authoring tool that combines vision-
language models with authoring by demonstration. From stepwise
expert demonstrations, VisAARD uses egocentric video and hand-
tracking to generate textual descriptions and propose in-situ 3D
guidance elements for later review and refinement. In a within-
subject study (N=21), we compared VisAARD against an industry-
standard manual authoring baseline similar to Microsoft Dynamics
365 Guides in a robotic-cell maintenance scenario. Compared to the
baseline, VisAARD reduced mean authoring time from 36 to under
20 minutes, lowered perceived task load, achieved higher perceived
usability, and was preferred by 20 out of 21 participants. Qualitative
feedback further suggests that a hybrid workflow combining the
efficiency of Al-assisted authoring with targeted manual refinement
is perceived as a meaningful direction for AR authoring tools.
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1 Introduction

Augmented Reality (AR) has been explored across manufacturing,
construction, medicine, and maintenance, with reviews across these
domains pointing to clear potential but still limited practical adop-
tion [1, 19, 20, 43]. One particularly promising application of AR
is procedural task guidance, where step-by-step instructions are
embedded directly in the user’s field of view. By presenting in-
formation in-situ, AR can support unfamiliar tasks and improve
task performance, as it lowers the required cognitive transfer pro-
cess [13, 14]. Yet despite this potential, adoption in practice remains
limited not only due to hardware constraints such as current form
factor and computational resources [18], but also by the practical
effort required to create AR content [40].

Accordingly, research is increasingly investigating different ap-
proaches to simplify the authoring of AR instructions. Recent work
conceptualizes this landscape as a still unconsolidated design space
in which AR authoring tools differ along numerous dimensions [4].
For the present paper, one particularly useful lens is the level of ab-
straction offered to the author, ranging from low-level specification
of individual instruction elements to higher-level workflows that ab-
stract technical complexity away from the author [22]. Seen through
this lens, manual no-code systems, requiring the author to create
every single instruction modality for each step by hand, remain the
current industry standard as they are broadly applicable, but they
are also time-consuming. Converting existing instruction material
into AR-based instructions automates the authoring process but
depends on the availability of source material in a standardized,
high-quality format [28]. Authoring-by-demonstration approaches
reduce authoring effort to the physical demonstration of a task and
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create instructions based on inferred understanding [32]. However,
to propose appropriate AR instructions for industrial tasks, they
require use-case-specific training data to determine task structure,
objects, and context accurately. More recent approaches integrating
generative Artificial Intelligence (AI) promise broader generaliza-
tion by drawing on the pretrained knowledge of general-purpose
models rather than task-specific training data [55]. While this is
applicable for consumer use cases, this could prove challenging for
industrial procedures, which are often highly specific, proprietary,
and not represented in publicly available data.

To address this gap, we present VisAARD (Vision Language-
supported Authoring of Augmented Reality via Demonstration),
an open-source!, Al-assisted authoring approach in which experts
demonstrate a task step by step while a vision-language model in-
terprets each step, drafts corresponding instructions, and proposes
their spatial placement. Positioned between fully manual authoring
and opaque end-to-end automation, ViSAARD keeps the human
explicitly in the loop through stepwise review and refinement, pre-
serving author control over content and spatial correctness. This
design choice is not only pragmatic given current model limitations
but also aligns with human-centric manufacturing and trustworthy-
AT perspectives that emphasize human oversight, traceability, and
auditability over full automation [26, 37]. In this way, the approach
aims to support industrial-type work scenarios without being tied
to a single use case or depending on existing instruction material.

The contribution of this specific paper is twofold. First, we con-
tribute VisAARD as an open-source, Al-assisted authoring tool for
AR-based procedural maintenance guidance. Second, through a
comparative within-subject user study, we investigate the advan-
tages and limitations of Al-assisted authoring by demonstration
over manual authoring, used here as an industry-standard baseline
closely modeled after Microsoft Dynamics 365 Guides [38], regard-
ing efficiency, perceived task load, usability, and user preference.
For this comparison, the evaluated version of VisAARD was deliber-
ately kept close to the core instructional constructs of this baseline
so that observed differences primarily reflect the authoring work-
flow rather than a fundamentally different target instruction format.
Through this comparison, we report findings that inform the de-
sign of future AR authoring tools and how they can incorporate
Al assistance beyond our own specific implementation. We next
situate these contributions within prior AR instruction authoring
research before detailing the system, user study, and findings.

2 Related Work

While the design space of AR authoring tools is broad and het-
erogeneous [4], the three categories most relevant to the present
paper are AR authoring tools for procedural tasks, Al-assisted AR
authoring tools, and AR authoring by demonstration.

2.1 AR Authoring Tools for Procedural Tasks

Starting with procedural AR authoring tools, this category keeps
the author in direct control of stepwise AR instructional content
but does not rely on any Al assistance. These include Zhu et al’s

Source code and system prompts are available at https://github.com/vknoben/
VisAARD. The repository at the time of submission is furthermore included in the
supplemental materials published in the ACM Digital Library.
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ACARS [57], which supports equipment maintenance by combining
desktop authoring with on-site AR editing through a mobile user
interface and was found to improve efficiency, intuitiveness, and
satisfaction through context-aware guidance. Blattgerste et al. [7]
proposed an AR authoring tool to support workplace assistance and
training by letting instructors create stepwise in-situ AR instruc-
tions on a HoloLens using a smartphone controller. They reported
good usability and positive reception for both the authoring tool
and the resulting AR instructions. In Teach Me How! [21], Funk et al.
targeted industrial assembly by deriving interactive in-situ instruc-
tions from expert demonstrations using a depth-sensing projection
setup. Compared with graphical authoring, it reduced authoring
time and workload, while the resulting in-situ instructions were also
associated with lower downstream error rates than the video-based
assembly instruction and the editor-created in-situ projection in-
struction. Bégout et al. proposed the AR authoring tool WAAT [11],
which targets assembly-line workstation guidance by letting indus-
trial experts configure AR content in a Unity/Vuforia pipeline. In
an informal comparison against Microsoft Dynamics 365 Guides,
pre-positioned workstation models reduced AR placement effort
and marginally improved total authoring time. Lavric et al’s AR
Work Instructions Authoring Tool [33] also targets human-operated
assembly lines, but shifts authoring directly into the HoloLens 2
through hand, speech, and gaze input, and found the in-headset
workflow substantially faster overall and less complex to use. Fi-
nally, TrainAR by Blattgerste et al. [6] supports procedural mobile
AR training by giving non-programmers an open-source, visual-
scripting-based authoring tool on desktop PCs with deployment
to Android and iOS AR devices, and found the tool usable for non-
programmers, although usability varied with media competency.

2.2 Al-Assisted AR Authoring Tools

Turning to Al-assisted AR authoring tools, these partially automate
generation by delegating parts of authoring to the Al but differ in
both the source material they require and the amount of control
that remains with the human author. Relying on existing materials,
Yamaguchi et al. [53] proposed a tool that turns 2D assembly videos
and CAD models into video-annotated AR tutorials that preserve
fine-grained tool use and occluded actions. Users preferred it over
video tutorials, rating it higher in usability and lower in mental
effort. Deng et al. [15] use a multi-agent Vision Language Model
(VLM) pipeline to convert user-recorded disassembly videos into
AR repair guidance on Meta Quest 3, and an early poster-stage eval-
uation reported feasible extraction and accurate task descriptions.
With lighter-weight author input, TAGGAR by Stover and Bow-
man [48] uses natural-language instructions and operator photos to
ground AR cues to objects on the HoloLens 2 (HL2). It was validated
by high end-user task accuracy and rapid operator improvement.
CARING-AI by Shi et al. [45] turns spoken or textual task descrip-
tions and contextual screenshots into editable humanoid-avatar
instructions and reported good usability as well as fewer mistakes,
faster authoring, and lower task load than the baseline method.
The scope broadens further with the ImaginateAR authoring tool
by Lee et al. [34], which combines prompts, outdoor scene pre-scans,
and in-situ refinement to create AR scenes on an iPhone 13 Pro
with LiDAR. Participants preferred hybrid Al-plus-manual control
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in their evaluation. Presenting agentAR, Zhu et al. [56] contributed
toward Al-first authoring by generating complete AR applications
from natural-language dialogue through autonomous agents on
a Quest Pro and a RealSense camera, and its case study and user
study reported reduced user effort combined with better planning
and tool-utilization performance than the baseline.

Also adjacent is InstructAR by Keelawat and Suzuki [27], which
turns text manuals into object highlights, action cues, and step
progression, and Guided Reality by Zhao et al. [55], which auto-
matically generates iPad-based AR guidance from user queries and
live camera and depth input. Both generate guidance directly for
end users rather than supporting reusable authoring workflows
and focus on everyday scenarios rather than industrial applications.
Closest to our work is ARAIAG by Lin et al. [35], which combines
RGB-D assembly demonstrations, no-code engineer input, registra-
tion, assembly recognition, and text generated by a Large Language
Model (LLM) into industrial AR assembly instructions. In their eval-
uation, they reported improved text generation after fine-tuning
and sufficient registration accuracy for the demonstrated tasks and
discussed its preliminary feasibility for industrial authoring.

2.3 AR Authoring by Demonstration

As a subset of Al-assisted AR authoring approaches, authoring-
by-demonstration systems reduce authoring effort by capturing a
performed task. Previous work here differentiates mainly in terms
of hardware used, the interaction concepts, and the amount of
post-processing. Whitlock et al’s AuthAR [52] concurrently cap-
tures assembly performance using a HoloLens, a tablet, OptiTrack
cameras, and a tracked screwdriver to produce tutorials during
task performance. TutorialLens by Kong et al. [31] uses a smart-
phone, narration, and printed finger markers to turn stepwise device
demonstrations into interactive AR tutorials. While AuthAR did
not report a formal user evaluation, TutorialLens reported a usable
and understandable workflow without requiring AR expertise.

Rather than capturing tutorials directly during task performance,
other work reconstructs guidance post hoc from RGB-D demonstra-
tions: AREDA by Bhattacharya and Winer [3] records bench-top
assembly with a Kinect and derives part motions for later author re-
finement, while Stanescu et al. [47] combine HL2 and Azure Kinect
to recover geometry, assembly graphs, and interactive tutorials. In
both cases, the evaluation focused on technical reconstruction qual-
ity and feasibility rather than authoring usability or effectiveness.
EditAR by Chidambaram et al. [12] captures a single demonstra-
tion as a digital twin with a Quest 2, ZED Mini, and trackers, then
shifts the authoring effort into in-headset post-processing to export
AR, VR, and video instructions. Compared with traditional single-
camera video creation, the recording phase was about five times
faster, and EditAR was rated significantly more usable, although
it took longer to learn, according to their findings. InstruMentAR
by Liu et al. [36] uses HL2, fingertip pressure sensors, and narra-
tion to turn embodied demonstrations on digital instruments into
arrow-, text-, and image-based tutorials. In a comparative study
against manual AR authoring, it reduced authoring time and con-
text switches, achieved good usability, and let users create tutorials
faster than the baseline.
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Closest to our procedural maintenance task context are Lenssem-
bly by Kosch et al. [32], which uses first-person HoloLens record-
ings to capture assembly procedures as reusable training instruc-
tions, and the immersive authoring approach by Skreinig et al. [46],
which uses a Quest 3, a laptop, and optional third-person cameras
to demonstrate procedures on virtual machine replicas and semi-
automatically segment them into documentation outputs. Lenssem-
bly primarily evaluated the generated playback instructions rather
than the authoring process itself, reporting fewer errors and lower
workload than paper instructions, while completion times were
similar or slower depending on the task. In contrast, Skreinig et
al. focused on the authoring tool itself through expert interviews
together with usability, workload, and simulator-sickness measures,
reporting high usability, low self-reported demand, and positive
qualitative feedback on the system’s fit for industrial documenta-
tion and training workflows.

With TrainAR [6] as a notable open-source exception, the re-
viewed tools are either not released, have unclear availability to
third parties, or depend on technically sophisticated custom se-
tups that limit reproducibility and practical reuse. Moreover, while
some prior systems include some evaluation of the authoring pro-
cess, evidence is often qualitative, small-scale, or intertwined with
downstream instruction use and technical validation. As a result,
comparative evidence on authoring workflows themselves remains
limited, leaving two practical gaps: reusable access to AR author-
ing tools and stronger comparative evidence on the benefits and
tradeoffs of different AR authoring workflows.

3 The VisAARD Authoring Tool

To address these gaps, we present VisAARD, a workflow for author-
ing AR-based procedural guidance that turns stepwise egocentric
demonstrations into draft text and spatially placed 3D instructions
by combining demonstration-based capture, VLM-assisted draft-
ing, and explicit human review. Authors remain responsible for
demonstrating each work step and reviewing the generated result,
while the system assists by interpreting the captured material and
proposing corresponding guidance elements. We release the tool as
open source to improve reusable access to AR authoring tools, and
later compare its authoring workflow against a manual AR author-
ing baseline. The following section first outlines this workflow and
then describes the underlying system design and implementation.

3.1 Authoring Workflow

Figure 1 summarizes VisAARD’s authoring workflow from stepwise
task demonstration and confirmation to the review, editing, and
finalization of the multimodal instructions. The Al-assisted author-
ing workflow is divided into two key phases: (1) task demonstration
and (2) human-in-the-loop review of generated instructions.

3.1.1 Demonstration. For every step of a given task, the author
captures an egocentric demonstration of themselves performing
the step using the Head-Mounted Display (HMD). The captured
egocentric videos serve both as video instructions for their cor-
responding steps in the final instruction manual and as input to
the system to assist with authoring. The author can immediately
review the captured video within the stepwise workflow and either
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1) Automatically selects and places
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Edit and finalize
multimodal instructions

Review and adjust
in-situ AR elements

2) Drafts the
text instruction

3) Crops, cuts, and places
recorded video of the step

Figure 1: Overview of the two-phase VisAARD authoring workflow. In the demonstration phase, authors record and confirm
each task step. VisAARD then generates draft text and spatial AR guidance from the confirmed demonstration while reusing
the recorded video for the final instruction. In the review and refinement phase, authors review, edit, and finalize the result.

recapture it or confirm the step. After confirmation, the author con-
tinues with the next step while the system processes the captured
material in the background to generate accompanying textual and
in-situ 3D representations.

3.1.2  Review and Refinement. Having completed the demonstra-
tions, the author enters the review phase. Here, they verify the
correctness and placement of the text and 3D instructions proposed
by the system. Iterating through each step, the author is presented
with their captured video demonstration, a system-generated text
instruction, and one or more 3D instructions, positioned automati-
cally by the system. They can modify the text, reposition instruction
panels, and manipulate 3D instructions if deemed necessary. Alter-
natively, the author can choose to re-demonstrate the work step
and thereby request a complete regeneration of instructions.

3.2 System Architecture

VisAARD consists of two main components: (1) a HL2-based front-
end application and (2) a PC-based back-end application. The HL2
front-end is the interface through which authors capture demon-
strations, review generated instructions, and arrange guidance el-
ements. It is implemented in Unity and uses the Mixed Reality
Toolkit 3 (MRTK 3) [39] for the design of the user interface and in-
teractions. The back-end processes captured videos, makes requests
to the AI APIs, and decides which instructions are suggested to
authors. The application is implemented in Python and, during the
study, ran on a PC with an Intel Core 19-13900HX CPU, 32 GB RAM,
and an Nvidia GeForce RTX 4060. Communication between HL2
and PC builds on a modified server-client setup from Dibene and
Dunn [17]. Because this setup does not support control messages
from the HL2 server to the PC client, we added another WebSocket
channel for HL2-initiated back-end requests. The same setup sup-
ports streaming of the HL2 front camera to the PC. The connection
between server and client is established before authoring starts.
Due to performance constraints, streaming the camera feed reduces
the display frame rate from 60 to 30 fps. Spatial registration of
holograms relies on the HL2’s built-in QR code tracking.

3.3 Demonstration Capture

Video capture is performed locally on the HL2. We set the recording
resolution to 1504 X846, based on available resolutions on the device,
the need for stable 30 fps capture, and initial trials regarding the
vision capabilities of current state-of-the-art VLMs. Recording is
initiated through hand interaction, whereas stopping is triggered
by voice command to avoid visual interference with the captured
video. During streaming, the HL2 server notifies the PC client about
capture start and end events so that the client can later analyze the
relevant temporal segment. After capture ends, the client performs
hand detection on the relevant frame window and refines it by
removing frames before the first and after the last detected hand
appearance, with a small buffer retained on both sides. The adjusted
frame range is then communicated back to the server, which trims
the recorded video accordingly and presents it to the author for
immediate review. In addition to the RGB image stream, the system
stores hand-joint data using the built-in hand-tracking capabilities
of the HL2. These tracked hand poses are later reused when placing
instructions in space.

3.4 Action Understanding

To interpret each captured step, the client samples the incoming
frames at a fixed rate of 3 fps. This rate balances the number of
frames that can be processed by the VLM with sufficient tem-
poral resolution for short-lived manual actions. Inspired by [50],
each sampled frame is automatically numbered with a frame index
marker to ensure an unambiguous mapping between input frames
and model output. We deliberately adopt a frame-based analysis
instead of directly processing video input. This provides explicit
control over which frames are analyzed and enables additional pre-
processing, such as frame numbering. When given raw video input,
VLMs commonly sample it at 1 fps. In our own non-representative
preliminary tests, this proved insufficient for understanding short-
lived actions spanning only a few seconds, as commonly encoun-
tered in maintenance scenarios.
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Once the author confirms the recorded step, the numbered frames
are forwarded to the VLM. After testing different state-of-the-art
VLMs in terms of their visual understanding capabilities, including
the latest versions of ChatGPT, Gemini, Claude, Qwen, and Llama
at that time, we selected OpenAI's GPT-5.2 model [41] as the anal-
ysis component. In the study, we used the OpenAI API model ID
gpt-5.2. Frames are combined with a system prompt, providing
general context, instructions for the VLM, and output constraints.
The model is asked to infer two key pieces of information from the
demonstration: (1) the action type and (2) the temporal location
of the most representative key frame(s). The action vocabulary
focuses on common manual handling actions observed in indus-
trial procedures, including pick and place, open and close, press
button, rotate switch, use screwdriver, use Allen key, use wrench,
fasten by hand, and others. When we experimented with inferring
handedness (left/right/both) and direction of rotation (clockwise/-
counterclockwise) using the VLM, the results proved unreliable.
Therefore, these attributes are determined server-side on the HL2
by analyzing hand motion trajectories and movement distances of
tracked hand poses.

3.5 Instruction Proposal and Spatial Placement

Based on the VLM output, VisAARD proposes a textual instruction
along with a suitable 3D representation for the analyzed step. The
textual instruction is formulated by the model itself, whereas the
3D instruction is chosen according to the detected action type. For
actions like pick and place, rotate switch, use screwdriver, use Allen
key, use wrench, and press button, VisAARD uses static objects such
as arrows, 3D models of tools, or captured hand representations. For
all other and undefined actions, the system uses the captured hand
motion and renders it as a replay of the observed hand trajectory.

Instruction placement is driven by the hand poses captured dur-
ing demonstration. Key frames identified by the VLM are first syn-
chronized with the recorded hand-tracking data by selecting the
closest corresponding tracking frame. Text and video are combined
into a single instruction panel and placed with a vertical offset
above the associated hand pose. Static 3D instructions are posi-
tioned relative to the same pose using action-specific offsets, for
example, by placing an Allen key in the palm or an arrow near the
fingertips for pick, place, or rotate. Static hand representations are
rendered directly from the recorded pose, whereas hand motion
replays use the sequence of hand poses captured within the window
of selected key frames.

3.6 Editing and Finalization

After instructions have been automatically proposed, the author
reviews the proposed instruction set before it is finalized. Text
can be edited via an external physical keyboard, as the built-in
holographic keyboard was considered too cumbersome. Static 3D
instructions can be adjusted through direct hand-based manipu-
lation as provided through the MRTK 3 interfaces. The combined
text and video instruction panel can also be spatially rearranged
by the author. 3D instructions based on replayed hand motion are
treated as spatially fixed because their representation is directly
derived from the recorded hand poses and therefore can only be
wrong if spatial registration is inaccurate. If a demonstration is
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recaptured and resubmitted, the entire instruction analysis and gen-
eration pipeline is triggered again. Once the author confirms the
reviewed instruction set, the system stores relevant information,
including modified textual instructions, panel and object positions,
3D instruction metadata, and recorded video and hand-tracking
data, in reloadable formats for future guidance use.

4 User Study

We conducted a comparative mixed-methods user study to evalu-
ate VisSAARD’s Al-assisted authoring-by-demonstration approach
against an industry-standard manual authoring baseline inspired
by Microsoft Dynamics 365 Guides [38]. In this section, we out-
line the manual baseline re-implementation, study use case, design,
participant sample, and trial procedure.

4.1 Manual Authoring Tool Re-implementation

To provide a directly comparable baseline, we re-implemented
a manual authoring tool within the same application as the Al-
assisted mode and reused the same system architecture (see 3.2).
The re-implementation was designed in close alignment with Mi-
crosoft Dynamics 365 Guides as an industry-oriented reference for
manual AR instruction authoring. In this mode, the author manu-
ally creates all instruction elements; text is entered via a physical
keyboard, video instructions are recorded in the same way as in
the Al-assisted workflow, and 3D instructions are assembled from
a panel of predefined objects such as arrows, hands, and tools. The
author can optionally adjust object color, with white as the de-
fault, and then place and orient the selected 3D instruction through
hand-based manipulation. The main instruction panel can also be
spatially arranged. To proceed to the next step, the author has to
write a textual instruction, capture the first-person demonstration,
and add at least one 3D object, but the order of these actions is left
to the author. This process is repeated for each step until the full
workflow is modeled. Although no analysis is required for manual
authoring, video streaming to the client is optionally supported,
e.g., to allow shared view of the participant’s authoring experience.
Figure 2 illustrates the described manual authoring workflow.

4.2 Use Case

As the use case for this study, we selected the maintenance of a
KUKA Ready-2-Educate robotic cell in our lab. Figure 3 showcases
the workplace used for the study. We chose this setting because it
offers a realistic industrial-style maintenance scenario while keep-
ing domain knowledge manageable and the study focused on AR
authoring. The procedure comprised 11 steps and required partici-
pants to open the material box, secure the sideboard using an Allen
key, turn on the robotic cell by turning the power switch, open
the lateral cell door, insert a cube into the mount inside the cell,
insert a pen into the mount inside the cell, close the lateral cell door,
acknowledge the door closing by pressing the Quitt button, activate
the S1 signal by turning the corresponding switch, activate the S2
signal by turning the corresponding switch, and close the material
box. This covered a broad range of manual handling actions while
remaining manageable within one study session.
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Figure 2: Overview of the manual baseline workflow for one
task step: authors can write text, record video, and select,
adjust, and place 3D instructions.

Figure 3: The setup used for the authoring study consisted
of a table with a keyboard, a KUKA Ready-2-Educate robotic
cell, and a workplace with materials and tools needed.

4.3 Study Design

We employed a within-subject design, counterbalancing condition
order across participants to mitigate order effects. Each participant
authored the same 11-step robotic-cell maintenance task under
both authoring conditions. To keep the comparison as controlled
as possible, both conditions were implemented in the same appli-
cation, used the same hardware and overall system architecture,
and relied on the same use case and step sequence. Throughout
the study, including the tutorial, the participant’s augmented view
was streamed to the nearby PC to support guided explanations and
observation. Before the main experiment, three pilot tests were con-
ducted to ensure a working prototype and an appropriate overall
study duration.
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4.3.1 Independent Variable. The examined independent variable
was authoring mode, with two levels: manual authoring and Al-
assisted authoring. In the manual condition, participants created all
instruction elements by hand (see Section 4.1). In the Al-assisted
condition, the system automatically proposes textual instructions,
3D annotations, and spatial placements from human demonstra-
tions (see Section 3.1).

4.3.2 Dependent Variables and Measures. The dependent variables
were Task Completion Rate (TCR), Task Completion Time (TCT),
number of questions asked, perceived task load, perceived usability,
user preference, and qualitative feedback. Task completion and
questions asked were tallied manually during the study, with the
latter treated as a contextual measure of how often participants
sought clarification rather than as a fully standardized performance
metric. TCT was logged by the application. Perceived task load
and perceived usability were collected after each condition using
a non-validated 7-point adaptation of the raw, unweighted NASA-
TLX (rTLX) [23, 24] and the System Usability Scale (SUS) [10],
respectively. For the rTLX adaptation, we retained the six original
NASA-TLX subscales but replaced the original 21-point bipolar re-
sponse format with the same 7-point Likert response format across
both conditions. Responses were linearly rescaled to a 0-100 range
and then averaged across the six subscales without applying the
original NASA-TLX pairwise weighting procedure. Item wording
was adopted from the official NASA-TLX iOS application and trans-
lated for the German version of the questionnaire. After completing
both conditions, participants indicated their preferred authoring
mode and answered open-ended questions about which tool they
preferred, why they preferred it, what they particularly liked about
Al-assisted authoring, where they saw room for improvement in
Al-assisted authoring, what they particularly liked about manual
authoring, and where they saw room for improvement in manual
authoring. These questionnaire responses were analyzed using a
codebook-style thematic analysis [9]. One researcher coded the
responses in an initial pass and then conducted a second pass to
consolidate codes and build themes.

4.4 Participants

Overall, 21 participants took part in the study. Thirteen were male
(61.9%) and eight were female (38.1%). Participants were aged be-
tween 25 and 33 (M = 28.43, Mdn = 28.00, SD = 2.48). Regarding
prior AR experience, 12 participants (57.1%) reported no prior expe-
rience, one participant (4.8%) reported little prior experience, and
eight participants (38.1%) reported preexisting experience. With
respect to the specific robotic cell used in the study, 11 partici-
pants (52.4%) had no prior experience, and 10 participants (47.6%)
reported prior experience. The standardized tutorial provided to
each participant lasted M = 10.16 min (SD = 2.33 min).

4.5 Procedure

A full study session lasted between 75 and 140 minutes, including
briefing, tutorial, both authoring conditions, and post-task feedback.
The study was conducted in accordance with the ethical guidelines
of our university. Following prior consultation with our institu-
tional ethics committee, no formal ethics approval was required, as
the study posed no physical or psychological risks beyond everyday
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life and did not involve vulnerable participant groups. All partic-
ipants were briefed about the study procedure, its purpose, and
aspects of data privacy before providing written informed consent.
Participants were not monetarily compensated but provided with
food and drinks during the session. To protect participant privacy,
all data were pseudonymized. Questionnaires referenced partici-
pants by assigned ID only, and the mapping table linking IDs to
individuals was stored separately from the collected study data.

Each session began with a standardized tutorial scene in which
participants familiarized themselves with AR as a technology and
its core interaction mechanisms, including hand interaction, text in-
put, video capture, 3D object manipulation, and spatial arrangement
of interface elements. Participants then completed both authoring
conditions in counterbalanced order, alternating the starting con-
dition across participants to mitigate order effects. At the start of
each condition, the experimenter briefly introduced the authoring
interface and its functionality. During authoring, the experimenter
refrained from intervening and responded only when directly asked
by the participant. To convey the task to be authored, participants
were provided with third-person reference videos for each step,
displayed on the HL2. Third-person perspectives were chosen as
they are easy to interpret while avoiding strong bias on how partic-
ipants capture their own first-person demonstrations. Throughout
the study, the participant’s augmented view was streamed to a
nearby PC to support guided explanations and observations. After
completing each condition, participants filled in the rTLX and SUS
questionnaires. After both conditions were completed, participants
indicated their preferred authoring mode and provided open-ended
qualitative feedback.

5 Results

In the following, we report task completion rates, questions asked,
authoring time, perceived task load, usability, and user preference,
followed by an exploratory analysis of order effects and qualitative
feedback. To complement classical inferential statistics, Bayesian
paired t-tests were conducted alongside classical paired t-tests to
quantify evidential strength, including evidence in favor of null
effects [49]. We used the conventional default Cauchy prior for
Bayesian t-tests (r = 0.707), as proposed by Rouder et al. [42], be-
cause no task-specific prior for the expected within-subject effects
was available. A sensitivity check with narrower and wider Cauchy
priors (r = 0.5, 1.0, and V2) did not change the qualitative inter-
pretation of the reported Bayesian results. Table 1 summarizes the
main quantitative comparisons. Furthermore, following current rec-
ommendations for transparent reporting in within-subject designs,
visualizations in this section show participant-level data alongside
the summary visualizations [51].

5.1 Task Completion & Questions Asked

As summarized in Table 1, all participants completed all 11 steps
in both conditions, resulting in a task completion rate of 100% for
participants (21/21 in both conditions) as well as for authored steps
(231/231 in both conditions). Because task completion showed a
ceiling effect, no inferential comparison was applied to this measure.

Participants asked fewer questions in the Al-assisted condition,
with a mean of 3.19 questions (SD = 1.66, Mdn = 3.00), than in
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the manual condition, where they asked 4.38 questions on average
(SD = 2.80, Mdn = 5.00). Shapiro-Wilk tests indicated that the
paired difference scores were normally distributed (W = 0.927,
p = 0.12058), so a paired t-test was used. This difference was not
statistically significant, (20) = —1.73, p = 0.09931, corresponding
to a small within-subject effect (d; = —0.38). The Bayesian paired
t-test indicated inconclusive evidence with slight support for the
null (BFjo = 0.81; equivalently, BFy; = 1.24). In terms of what kind
of questions were asked, across both conditions, participants sought
clarification on, e.g., general task understanding (P35 6,13,14,16,18,21)>
the required level of authoring detail (P12,14,15,17,18), or whether
physical steps needed to be reversed before moving on to the next
step (Ps,7,9,15,17). Specific to the Al-assisted condition, more frequent
inquiries concerned whether it was possible to add or delete 3D
instructions (P48,10,11,13,17,21)- In the manual condition, questions
focused on the criticality of authoring order (P3 4,14,15,21) and the
mechanisms of remanipulation (P2 4.389,15,18,21) or deletion of 3D
objects (P1,7,8,16,18,19) after initial creation.

5.2 Task Completion Time

As shown in Table 1 and Figure 4, authoring time was substantially
lower with Al-assisted authoring, with a mean of 19 min 33 s (SD
=5 min 26 s, Mdn = 18 min 06 s), than with manual authoring,
which required 36 min 00 s on average (SD = 10 min 50 s, Mdn =
31 min 20 s). Shapiro-Wilk tests indicated that the paired difference
scores were normally distributed (W = 0.966, p = 0.63748), so
a paired t-test was used. This difference was significant, ¢(20) =
—7.17, p = 0.00000061, corresponding to a large within-subject
effect (d; = —1.56). The Bayesian paired t-test indicated extreme
evidence for a difference (BFjo = 28,390). The time advantage of
Al-assisted authoring persisted across all steps of the authoring
process, with lower mean times at every step. As shown in the right
panel of Figure 4, the between-condition gap was descriptively most
pronounced in the first two steps and remained smaller, although
variable, across the later steps.

5.3 Perceived Task Load

A similar pattern emerged for perceived task load: rTLX scores were
lower in the Al-assisted condition than in the manual condition (see
Table 1 and the left panel of Figure 5), with a mean of 15.34 (SD =
9.81, Mdn = 13.89) compared to 26.19 (SD = 13.16, Mdn = 25.00).
Shapiro-Wilk tests indicated that the paired difference scores were
normally distributed (W = 0.961, p = 0.53672), so a paired t-test was
used. This difference was significant, £(20) = —4.45, p = 0.00024749,
corresponding to a large within-subject effect (d; = —0.97). The
Bayesian paired ¢-test indicated extreme evidence for a difference
(BFyo = 123.45).

5.4 Usability & Preference

Usability ratings likewise favored Al-assisted authoring (Table 1,
right panel of Figure 5), with a mean SUS score of 86.67 (SD = 11.55,
Mdn = 90.00) compared to 79.05 for manual authoring (SD = 11.79,
Mdn = 75.00). Shapiro-Wilk tests indicated that the paired differ-
ence scores deviated from normality (W = 0.882, p = 0.01583), so a
Wilcoxon signed-rank test was used. This difference was significant,
W = 38.00, p = 0.02152, corresponding to a large effect (r,;, = 0.60).
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Table 1: Main quantitative comparisons between Al-assisted and manual authoring. Significant p values are shown in bold.

Outcome Al-assisted Manual Test Statistic P Effect size BFyg
M SD Mdn M SD Mdn
TCR 100% / 100% 100% / 100% (No inferential comparison due to ceiling effect)
Questions asked 3.19 1.66 3.00 4.38 2.80 5.00 Paired ¢ t(20) = -1.73 0.099 d; =-0.38 0.81
TCT (min:s) 19:33 5:26 18:06 36:00 10:50 31:20 Paired ¢ t(20) = -7.17 <.001 d, =-1.56 28,390
rTLX 15.34 9.81 13.89 26.19 13.16 25.00 Paired ¢ t(20) = —4.45 <.001 d; =-0.97 123.45
SUS 86.67 11.55 90.00 79.05 11.79 75.00 Wilcoxon W =38.00 0.022 rrp = 0.60 -
Preference 20/21 (95.2%) 1/21 (4.8%) (No inferential comparison due to ceiling effect)
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Figure 4: Authoring time results. Left: overall authoring time by condition with participant-level trajectories and condition
distributions. Right: mean authoring time per step for Al-assisted and manual authoring with 95% CI (lower is better).

No Bayesian test was added here because normality was violated.
Contextualizing the SUS scores using the SUS Analysis Toolkit [5],
the Al-assisted score corresponds to “best imaginable usability”
on the adjective scale, whereas the manual score corresponds to
“good usability”. Both scores are above the average SUS score of 68
often identified in meta-analyses, but the Al-assisted condition also
exceeds the benchmark of 80, which is often used as an industry
standard.

At the end of the study, 20 of 21 participants (95.2%) stated that
they preferred Al-assisted authoring, whereas one participant pre-
ferred manual authoring. Given this extreme observed proportion,
preference is reported descriptively, and no additional inferential
or Bayesian test was applied.

5.5 Order Effects

Order effects were examined by comparing participants who started
with Al-assisted authoring (n = 11) and participants who started
with manual authoring (n = 10). Descriptively, the clearest pattern
appeared for TCT: the Al-assisted advantage was larger for par-
ticipants who started with manual authoring (Mg; ¢ = —1480.52s,

SD = 457.77) than for those who started with Al-assisted authoring
(Mgipf = —538.68'5, SD = 378.01).

For rTLX, both start-order groups showed lower scores for Al-
assisted authoring than for manual authoring, and the size of this dif-
ference was visually similar across orders (Al-assisted first: My; ¢ =
—13.13, SD = 13.03; manual first: Mdiff = —8.33, SD = 8.69). For
SUS, the most pronounced pattern concerned the manual condi-
tion: participants who started with Al-assisted authoring rated
manual authoring lower (M = 71.36, SD = 8.76) than participants
who started with manual authoring (M = 87.50, SD = 8.50). For
questions asked, participants who started with manual authoring
showed a stronger reduction when switching to Al-assisted author-
ing (Mg;rf = —3.40, SD = 2.91) than participants who started with
Al-assisted authoring, for whom the pattern was comparatively
small and in the opposite direction (My;rr = 0.82, SD = 1.72).
These patterns are plotted in Figure 6 but are exploratory and re-
ported to contextualize possible learning and contrast effects in the
discussion rather than show confirmatory findings.
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Figure 5: Subjective ratings by condition. Left: perceived task load with participant-level trajectories and condition distributions
(lower is better). Right: perceived usability with participant-level trajectories and condition distributions (higher is better).

5.6 Qualitative Feedback

The open-ended, post-study feedback revealed several recurring
themes. Direct quotes are translated into English, except for Ps 12,
whose feedback was already provided in English. Participants pri-
marily grounded their preference for Al-assisted authoring (see 5.4)
in efficiency gains, both in speed and workload (P19, P11, P13—P21).
Easier use and provided points of reference in the form of suggested
instructions were additional specified reasons (P9—11). Py summa-
rized their preference for Al-assisted authoring as follows: “Just
making changes is much more intuitive. You already get a sense of
the content and don’t have to worry about the wording anymore.
The 3D objects were also already included in the automated version,
which made things much easier”. P1 was the only person preferring
manual authoring due to its greater freedom in authoring.

Feedback on the strengths and weaknesses of Al-assisted au-
thoring provided further insights that largely coincided with the
stated preferences. The main positive contributing factors were
increased efficiency (P1-7,11,12,15,20) and animated 3D instructions
(P2,6,8,9,13,14,16,18,19)- Having suggested instructions as a starting
point for authoring was described as very beneficial (P57,9,10,17,21)-
Key points of criticism were imprecise placement of 3D instructions
and inconsistency in generated text across steps (Pe,9,11,12,14,18—20)-
Py4 stated that “There was some imprecise phrasing and incor-
rect placement of 3D objects”. Lack of authoring options, such as
the possibility to add or delete 3D objects to the system-proposed
instructions, was criticized by P4g21. P1-3,7,10 asked for further
features such as automatic spelling checks and multiple distinct
instruction suggestions.

On the other hand, what sticks out positively for manual au-
thoring is that participants felt less constrained in their way of
authoring (P2,45,38,11,12,14—16,19-21) and were able to match their
expectations in instructional quality (Ps 12,15,20). P12 describes the

benefits of manual authoring as follows: “Having the agency of be-
ing as descriptive as possible. For example, I can be as descriptive as
I can be with the text, then create a video demonstration matching
closely to the text instruction, followed by enhancing the clarity
with the symbols”. P; 3679 did not specify strengths of the man-
ual approach or restate their preference for Al-assisted authoring.
Usability, mostly the placement and manipulation of 3D objects
(P10’14’16317,19,20) and frustrating Ul interactions (P3 4,6,13,15,17), Were
the primary points of dissatisfaction. Inefficiency of authoring was
also criticized explicitly (P11,12,15). Additional features requested in
the course of this were quick modifications such as orientation flips
and copying of 3D and text instructions (Pi3,1521), the creation of
animated instructions (P25 5 12,18), or a checklist of what is left to
author for each step (P1).

6 Discussion

In the following, we contextualize and interpret our findings be-
yond the reported results. We begin by more closely examining
the meaning behind study data, order effects, and found outliers,
followed by a reflection on the nature of authored instructions and
limitations of our study. Subsequently, we discuss implications for
AR authoring tools, covering a possible hybrid authoring approach,
the evolving role of the human in the AR authoring process, and
future research directions in that regard.

6.1 Interpretation of Empirical Findings

Across all measured outcomes apart from the number of questions
asked, the results exhibit a significant advantage of Al-assisted over
manual authoring. Most notably, Al-assisted authoring reduced
active authoring time by 987 s on average, corresponding to approx-
imately 16 min 27 s saved per task. This is not only an empirically
significant result but would also have a substantial impact in prac-
tice. If authors are required to author instructions for multiple or
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Figure 6: Exploratory order effects by starting condition. Lines show condition means with 95% CI for participants who started
with Al-assisted authoring and participants who started with manual authoring. Lower values are better for authoring time,

1'TLX, and questions asked; higher values are better for SUS.

simply more complex tasks consisting of a larger number of steps,
effects on authoring time and perceived task load could potentially
be even more pronounced. Although not examined in this user
study, keeping the overall authoring time as short as possible could
also positively impact instruction quality. The influence of fatigue
on output quality, e.g., in manufacturing, has been shown [54]. The
same appears reasonable for authoring instructions.

The perceived usability and task load results complement these
findings and suggest that the observed efficiency gains meaningfully
contributed to a more positive user experience. This is reflected in
the shift of mean SUS score from good (79.05) to best imaginable
(86.67) [5], combined with a substantially lower perceived task load
in the Al-assisted condition (d; = —0.97, BFjp = 123.45), indicating
that participants not only completed the authoring task faster but
also experienced the process as less demanding and more user-
friendly. In that regard, qualitative feedback points to having a basis
for authoring and the animated 3D instructions as key contributors.

The one outcome without a clear difference was the number
of questions asked. This may partly reflect that each condition
introduced its own category of uncertainty rather than one being
uniformly clearer than the other. While both conditions shared
common patterns of seeking clarification, such as general task
understanding or desired level of instruction detail, the nature of
questions appeared to shift between conditions. In the manual
condition, questions centered on how to use existing features, such
as manipulation and deletion of 3D objects. In contrast, in the AI-
assisted condition, questions took on a more suggestive character,
pointing to functionality participants expected but found absent,
such as the ability to add or delete 3D instructions during review.

6.1.1 Order and Learning Effects. The clearest exploratory order-
related pattern appeared for authoring time. Participants who started
with manual authoring exhibited substantially higher overall au-
thoring times than those who started with Al-assisted authoring,
which is consistent with a learning effect benefiting the second
condition. Notably, this effect is unlikely to stem from increased

familiarity with the task itself, as watching and understanding the
demonstration video was excluded from the authoring time mea-
sure. Instead, we believe it points to learning effects related to the
interface and interaction workflow. This interpretation is further
supported by the variability in performance. Manual authoring
was not only slower on average but also less predictable across
participants, with a markedly higher spread in authoring times (SD
=10min 50 s vs. 5min 26 s for Al-assisted authoring; approximately
four times the variance), suggesting that participants benefited
unevenly from familiarization with the interaction flow. In addi-
tion, experiencing Al-assisted authoring first may have shaped
participants’ expectations, leading to a more critical evaluation of
manual authoring, reflected in lower perceived usability and higher
perceived task load when experienced in that order.

6.1.2 Instruction Quality Across Conditions. While we did not ex-
perimentally validate authored instructions as part of this study,
we stored them in reloadable file formats and examined them retro-
spectively. Based on that, it appears to us that Al assistance mainly
impacted consistency rather than substantially changing the func-
tional adequacy of authored instructions. All instructions were
sufficiently descriptive for the task to be performed, independent
of authoring approach. Notably, a moderately complex task was
deliberately chosen, and end-users would have all authoring modal-
ities at their disposal during guidance, whether instructions were
authored manually or assisted by Al. While video instructions did
not differ meaningfully between conditions, the text instructions
revealed a contrast in uniformity. Manual entries were more het-
erogeneous, characterized by more frequent linguistic errors (29 in
total) and greater fluctuations in character length. When averaging
the variability found within each individual step, manual instruc-
tions proved far less predictable than the Al-assisted text (mean
SD = 40.54 vs. 20.84). This trend toward standardization in the Al
condition was further reflected in the higher semantic similarity of
textual instructions between users for the same steps (mean cosine
similarity 0.324 vs. 0.167), suggesting that the Al guides participants
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toward a more cohesive instructional style. The 3D instructions
show a similar pattern: Al-assisted authoring naturally produced a
consistent mapping of actions and 3D representations, while man-
ual authoring led to a wider variety in 3D object compositions.
Averaging over all manually authored steps across all participants,
9.36 different 3D object combinations were used per step, meaning
the same task step was, on average, presented in more than nine
different ways. Moreover, this does not even yet consider the spatial
variance of where 3D objects were positioned. Interestingly, this
can go as far as authors sometimes purposely placing 3D instruc-
tions next to their physical counterparts (e.g. circular arrow left to
the rotary switch) instead of overlaying them (Ps).

From an industrial perspective, representational consistency is
a highly relevant quality characteristic of work instructions [25].
While manual authoring allows for greater expressive flexibility,
this flexibility can lead to divergence, especially once multiple dif-
ferent authors contribute to the same instruction set, resulting in
inconsistencies in wording and visual representation. In contrast,
Al-assisted suggestions act as a shared reference that would pro-
mote a more uniform style across contributors. At the same time,
this does not mean consistency and flexibility need to be mutually
exclusive. Rather, Al suggestions can provide a consistent baseline
that authors adapt where necessary.

Beyond consistency, the question of whether Al-generated out-
puts were critically inspected needs to be asked since the risk of
over-trust in Al-generated output constitutes a well-documented
concern [29]. The observed correction patterns suggest that partici-
pants did engage with the generated content rather than accepting
it uncritically. In total, six demonstrations were misclassified and
addressed through re-demonstrations. Textual errors were similarly
corrected, e.g., with the step involving closing of the lateral cell door
showing the highest correction rate due to frequent confusion with
opening it. Nevertheless, the risk of over-trust in generative out-
puts remains a considerable issue. Potential safeguards to combat
this issue could involve mandatory confirmation steps and per-step
checklists that prompt authors to actively verify instructions.

6.1.3  Outlier Analysis. An inspection of participant-level devia-
tions suggests that the main pattern was robust, with exploratory
outlier screening (Tukey’s 1.5X IQR rule on participant-level paired
differences) identifying only one formal outlier: P1¢ on SUS, with a
difference score of —47.5 falling below the lower fence of —20.0. No
Tukey outliers were detected for authoring time (fences: —2565.63
to 519.345s), total trial time (fences: —3014.84 to 1011.96s), rTLX
(fences: —33.33 to 11.11), or questions asked (up to 7). This case is
most plausibly explained by an erroneous response pattern, as the
participant submitted a uniform rating of 5 across all SUS items,
which yields a score of 50 given the alternating scoring direction
of the scale. Notably, this session followed the manual-first order,
lasted about 90 min, and was conducted in the evening, which may
have contributed to fatigue-driven responding. The remaining data
from this participant includes faster completion, fewer questions,
and a stated preference for Al-assisted authoring.

One further notable case was P17, the only participant who com-
pleted the manual condition faster than the Al-assisted condition.
Given that this participant started with Al-assisted authoring yet
still preferred it and rated it as more usable and less demanding,
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a carry-over or learning effect benefiting the second condition is
the most plausible explanation. For perceived task load, three par-
ticipants reported slightly higher rTLX scores in the Al-assisted
condition, though none were flagged as statistical outliers. Taken
together, these cases point to localized mismatches between sub-
jective experience and objective efficiency for a small number of
participants, rather than evidence against the overall pattern.

6.1.4 Study Limitations. In our study we deliberately evaluate
against a manual baseline, closely mimicking Microsoft Dynam-
ics 365 Guides, aiming to reflect a workflow previously used in
industry. Alternative or more recent authoring tools, both manual
and Al-assisted, might perform better and yield different results,
making further comparative explorations worthwhile. Related to
that, authorable AR constructs in the Al-assisted authoring tool
VisAARD are deliberately close to what could be manually created
to allow fair comparison. Yet, these might not necessarily be the
ideal presentation modalities, as research has explored different rep-
resentations of instructional information on AR HMDs and showed
relying more on in-situ 3D modalities might be beneficial [8]. Apart
from that, though we found highly significant results with large
effect sizes, our sample size is relatively small and demograph-
ically homogeneous, consisting primarily of young participants
from a technical university context. Prior work also suggests that
AR authoring performance varies with users’ digital literacy and
experience [6], which may limit generalizability. In addition, just
over half of our participants (52.4%) had no prior experience with
the specific robotic cell, so claims about expert industrial authoring
would require validation with domain experts such as technical
writers or trained operators. No multiplicity correction was applied,
as analyses were primarily exploratory. Under a conservative Bon-
ferroni correction across the five main outcomes (a¢ = 0.01), the
effects for authoring time and perceived task load remain signif-
icant, whereas the difference in perceived usability would not. A
further limitation concerns our task-load measure. We assessed
perceived task load with a non-validated 7-point Likert adaptation
of the raw NASA-TLX instead of its validated 21-point bipolar re-
sponse format, a type of modification recently criticized in HCI [2].
We chose a 7-point Likert format as a pragmatic compromise: it re-
tained more response granularity than a five-point item scale while
keeping the post-condition questionnaire in a familiar Likert-style
response format rather than switching to the original NASA-TLX’s
distinct bipolar rating format. This adaptation is not psychometri-
cally validated and limits comparability with standard NASA-TLX
scores and with values reported in other studies. We therefore inter-
pret the rTLX results only as within-study evidence that Al-assisted
authoring was perceived as less demanding, rather than as absolute
or normative workload estimates. Finally, the thematic analysis of
open-ended questionnaire responses was conducted by a single
researcher, which limits the reliability of the qualitative findings.

6.2 Implications for AI-Assisted AR Authoring

Having discussed the concrete study results, we now turn to broader
implications for Al-assisted authoring tools in view of meaningful
balance between human intervention and Al-based automation,
and briefly go into promising aspects to explore in future research.
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6.2.1  Toward Hybrid Authoring Workflows. The preferences of the
study participants indicate that Al assistance is very much wel-
comed in AR instruction authoring (preferred by 20/21). Still, look-
ing at qualitative feedback reveals that users valued different aspects
of both manual and Al-assisted authoring approaches, each hav-
ing their distinct strengths and weaknesses. More specifically, AI-
assisted authoring was preferred primarily because it substantially
improved efficiency (task completion time, perceived task load, and
perceived usability). At an abstract level, manual authoring empha-
sized control and flexibility, whereas Al-assisted authoring provided
structure and accelerated progress. This contrast is also reflected
in concrete interaction costs; manual authoring was perceived as
cumbersome due to repeated 3D manipulation, frequent Ul interac-
tions, and the need to construct every element from scratch, while
Al-assisted authoring reduced this overhead and offered a useful
point of reference. At the same time, participants expressed a clear
desire for more flexibility to adapt system-generated instructions,
for example, by adding or deleting elements. Bridging quantitative
and qualitative data, this suggests that the two approaches are not
competing alternatives but complementary, pointing toward a hy-
brid solution in which Al-assisted authoring serves as a foundation
and manual customization provides targeted control. In this sense,
users do not seek unrestricted freedom at all times, but agency
where it matters most.

6.2.2 The Human Role in Instruction Authoring. Current and near-
future Al-based assistance does not remove the human from the
authoring process, particularly in the context of industrial use cases.
While modern VLMs are designed for broad “reasoning”, apply-
ing them in industry requires contextual understanding beyond
what can be expected from pretrained models alone. At the same
time, training models for every specific use case is impractical,
and fine-tuning is arguably still insufficient. As a result, human
intervention remains essential for producing practically usable AR
instructions. Even as Al capabilities continue to improve, the need
for human oversight is unlikely to disappear due to requirements
such as safety and compliance. Consequently, even if future sys-
tems achieve near-perfect automatic instruction generation, human
involvement will remain critical in our view. However, it appears
that the role of the human in that regard could shift. Rather than
acting primarily as the creator of instructions, authors increasingly
take on the role of the reviewer. Based on our observations during
the Al-assisted condition, participants did not simply accept the
generated output; they inspected it, decided whether modifications
were necessary, and performed them if so. This is also visible in
average remanipulations of steps (M = 52.0%, SD = 13.8%), text
edits (48.9%, SD = 23.2%), and rearrangements of panels (56.7%,
SD = 37.1%) across participants during the review and refinement
of Al-proposed instructions. Considering this, the primary effort
shifts away from initial construction toward verification and adap-
tation. This aligns with participants’ feedback on the particular
intricateness of 3D manipulations as a major source of frustration
during manual instruction authoring (P19,14,16,17,19,20), underlining
this shift as positive.

6.2.3 Technical Limitations and Future Directions. The current sys-
tem follows a two-phase authoring procedure, partly motivated by
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the processing time VLMs require to analyze visual input, particu-
larly at higher resolution. This design mitigates waiting times in
the general workflow, though short delays remain when authors
recapture and regenerate instructions during review. Exploring al-
ternative approaches, a potential next step could be to evaluate the
advantages and drawbacks of authoring based on an uninterrupted
workflow demonstration against our stepwise approach. This intro-
duces new challenges such as the temporal localization of unknown
actions, an ongoing topic in research [50].

The current system positions 3D instructions relative to tracked
hand poses, which means it does not support dynamic tasks requir-
ing anchoring relative to moving objects in the scene. This connects
to the broader challenge of object identification and tracking in in-
dustrial settings, where the non-generic and highly variable nature
of components continues to pose a significant barrier to practical ap-
plication [16]. Combining scene understanding with hand-tracking
information for the placement logic could improve the contextual
adequacy of 3D instruction positioning. At the same time, first re-
search regarding the spatial arrangement of holograms based on
unknown objects points in a possible direction for extending such
approaches toward real-time object tracking [44]. Improving and
evaluating them in the industrial context represents a necessary
research avenue to ultimately achieve dynamic AR instructions.

Static 3D instructions in the current Al-assisted implementa-
tion rely on a predefined object library mapped to action types.
Although unknown actions are automatically modeled using 3D
hand motions, extending this library may be desirable for certain
action types. Right now, this would require programming inter-
vention, though a no-code approach is already feasible and worth
investigating. One way this could be achieved would be to allow au-
thors to define new action-instruction mappings directly in AR by
selecting and positioning desired 3D objects relative to their hand
poses. Newly added mappings are then automatically adopted into
the system prompt, completing the no-code extension of available
instruction types.

The HL2 remains the most mature optical see-through HMD
available for research, e.g., due to well-established documentation
and accessible development interfaces, that made it the natural
choice for this work. While the study’s findings do not specifically
rely on used hardware and should be replicable with other opti-
cal see-through AR HMDs, we acknowledge that Microsoft has
commercially discontinued the HoloLens 2, with developer support
ending December 31, 2027, which carries implications for long-term
deployment.

Beyond system-level improvements, we see further open ques-
tions regarding VisAARD’s applicability and impact. Our focus on
an industrial use case was deliberate, as it motivates an approach
between human and Al that mitigates drawbacks of purely manual
or automated approaches. That said, VisAARD is not inherently
limited to the industrial domain; everyday procedural workflows
such as healthcare and nursing procedures, laboratory protocols, or
construction tasks present equally viable applications which would
need to be explored. In either case, explicitly evaluating the quality
of resulting instructions is important since the usefulness of an AR
authoring tool is ultimately determined by both the usability of the
tool itself and the usefulness of the AR instructions it produces [4].
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While this study examined only the former empirically, we plan to
evaluate the latter through expert reviews in a next step.

In the broader context of Al-assisted authoring, we furthermore
see particular potential for multimodal Al to support the creation of
not only useful but also cognitively accessible instructions. Incorpo-
rating Al into the authoring process offers the unique opportunity
to consider accessibility from the outset rather than as an after-
thought [30]. The automatic creation of instructions at different
levels of detail, e.g., adapted to different levels of expertise (a feature
also explicitly requested by participants P37 19), could be another
direction to investigate, allowing the same authored content to
meet varying user needs without additional authoring effort.

7 Conclusion

Authoring AR-based procedural instructions remains a major bot-
tleneck for the practical adoption of AR guidance. In this paper, we
presented VisAARD, an open-source, human-in-the-loop AR au-
thoring tool that uses a vision-language model to interpret stepwise
demonstrations and generate draft AR instructions. In a within-
subject study with 21 participants, we compared VisAARD against
a manual authoring baseline modeled after the industry-standard
Microsoft Dynamics 365 Guides. VisAARD substantially reduced
raw authoring time, lowered perceived task load, yielded higher per-
ceived usability ratings, and was preferred by 20 of 21 participants.
While these quantitative results clearly favored Al-assisted author-
ing across all measured outcomes, thematically analyzed qualita-
tive feedback indicated that participants still valued the agency
and expressiveness of the manual authoring condition. Together,
these findings motivate hybrid authoring workflows in which AI-
generated structure serves as a foundation for targeted manual
refinement. In industrial contexts, where safety and compliance
require human oversight regardless of Al capability anyway, we
believe that designing authoring tools around this reviewer role
appears more productive than pursuing full automation.
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