Augmented Reality Action Summaries
for Situated Instructions of Repetitive Tasks

Lucchas Ribeiro Skreinig*
Graz University of Technology
Christoph Ebner

Graz University of Technology

Ana Stanescu
Graz University of Technology
Markus Tatzgern
Salzburg University of Applied Sciences

Peter Mohr
Graz University of Technology
Dieter Schmalstieg
University of Stuttgart

Denis Kalkofen®

Graz University of Technology

Figure 1: Adaptive AR instructions provide (a) a detailed view, showing each procedural step using AR hand animations and,
optionally, a video demonstration on a virtual billboard, and (b) a summary view, presenting a summary visualization of recurring
actions or action groups. The system presents the detailed view the first time an action occurs and the summary view thereafter.
From the summary view, users can interactively request the detailed view of a single action in case more guidance is needed.

ABSTRACT

Augmented reality instructions help people understand how to oper-
ate, assemble, or maintain objects by overlaying visual guidance di-
rectly onto the physical environment. However, repeatedly present-
ing detailed instructions can negatively impact performance. We in-
troduce an interactive AR instruction system that provides detailed
guidance on the first occurrence of actions and a summary visual-
ization for repeated actions. We use a multimodal large language
model to automatically derive information about actions, groups of
actions, and recurring patterns, thereby increasing the scalability of
the AR guidance system. A pilot user study shows that summary vi-
sualizations are preferred over repetitive step-by-step instructions.

Index Terms: Augmented reality, visualization, adaptive instruc-
tions.

1 INTRODUCTION

User manuals help people understand how to operate, assemble, or
maintain objects. However, traditional paper-based or video-based
instructions require users to infer 3D actions from 2D depictions,
which can increase cognitive load and lead to errors [24]. Several
studies have shown that augmented reality (AR) guides can reduce
the cognitive load required to follow user manuals by embedding
visual instructions in the physical environment [9, 13, 27].

AR instruction systems commonly use step-by-step visualiza-
tions, which present individual actions sequentially and indepen-
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dently of recurrence. However, cognitive load theory suggests that
unnecessarily repeated instructions can increase workload and re-
duce task performance. In particular, research on the expertise re-
versal effect [11] shows that visual instructions can become inef-
fective or even have a negative effect for users who have already
seen them. These users rely on existing knowledge and therefore
require less guidance. When an AR system presents instructions
they already know, they must either process redundant information
or actively ignore the AR guidance. Given that AR instructions are
typically designed to be prominent and to draw attention [23], both
responses can increase cognitive load for experienced users.

We introduce a novel AR visualization system based on skill ac-
quisition theory [17]. We designed an interactive guidance system
that assumes users’ knowledge increases with practice. To avoid
repetitive AR instructions, we present detailed guidance only the
first time an action appears. For subsequent occurrences of the
same action, we show only its final state instead of demonstrat-
ing how it should be performed. This allows users to see where the
action should be performed while avoiding redundant guidance on
how to perform it. If users later require additional support, they can
interactively request detailed guidance for that specific action.

In many user manuals, repetitive actions occur as groups, i.e., a
set of actions that must be repeated. We present groups of repet-
itive actions using structural diagrams [8] showing the final states
of all actions within a group. However, as situated structural dia-
grams usually consist of several parts, they may clutter the user’s
workspace. Therefore, we present AR structural diagrams as semi-
transparent in-situ overlays. To compensate for the reduced visibil-
ity of details due to the transparent AR overlay, we complement the
diagrams with high-resolution before-and-after images on a bill-
board positioned near the AR structural diagram. See Figure 1b
for an example of an AR structural diagram and Figure 1a for the



corresponding detailed view at a different location.

Manually creating step-by-step instructions and annotating
groups is a demanding manual task. Authors must review action
sequences, define boundaries, label steps, and construct consistent
groups, limiting scalability and practical adoption. Therefore, we
demonstrate how a multimodal large language model (LLM) can
automatically extract procedural steps from narrated expert demon-
strations and organize them into an interactive AR guide with sum-
mary visualizations. Our system builds on prior work on authoring
by demonstration [18, 20, 15], extending it by incorporating verbal
narrations to guide the LLM-based organization process.

In summary, our work makes the following contributions:

* We introduce action summaries as part of a novel interactive AR
instruction system for repetitive actions. Our approach avoids
redundant guidance on how to perform actions, while continuing
to indicate where the action should be performed using AR.

* We demonstrate how a multimodal large language model can
be used to automatically identify actions, groups of actions, and
repetitive action patterns.

* We report on a pilot user study that compares AR user manuals
that provide step-by-step instructions with AR user manuals that
additionally include interactive action summaries.

2 RELATED WORK

Our system supports both detailed step-by-step instructions and
summary visualizations for repetitive actions in AR. Accordingly,
we review prior work on visualization techniques for AR instruc-
tion systems and approaches for automatically authoring detailed
instructions and summarizing related task steps.

2.1 Visualizing instructions

Multiple consecutive, similar steps can be summarized using in-
structional diagrams [8]. Action diagrams combine multiple steps
into a single representation, often using glyphs to indicate individ-
ual actions. A common example is exploded views [1, 10, 12, 25].
Structural diagrams show the object configuration before and af-
ter performing the actions, indicating which parts are manipulated
and their resulting locations. Action diagrams are recommended
for assembly instructions in printed user manuals [8] because they
more explicitly communicate which parts are manipulated and they
provide an abstraction of how to manipulate them. We instead use
structural diagrams for AR summary visualizations because they
introduce less visual clutter by omitting information about how the
action is performed. We emphasize manipulated parts with a col-
ored highlight (red in the examples in this paper) in the 2D struc-
tural diagram displayed on the billboard next to the object.

Several approaches have also explored adaptive instructions. For
example, Tatzgern et al. [26] identify redundant data to adaptively
optimize view-dependent exploded views, and Anderson et al. [2]
progressively reduce guidance. While these automatically adapt
instructions, we allow users to interactively reveal details, letting
them choose the amount of information that fits their needs.

2.2 Authoring instructions

Pongnumkul et al. [16] highlight the importance of temporal seg-
mentation to effectively guide users through tutorials. Recent ap-
proaches have explored using an LLM to segment and summarize
narrations. For example, Gao et al. [6] address the challenges of
summarizing text by implementing a framework that extracts indi-
vidual steps from text, then summarizes them using an LLM. Gun-
turu et al. [7] propose RealitySummary, a reading assistant tool that
scans texts via OCR and produces spatially situated summaries us-
ing an LLM. Shi et al. [19] author AR instruction steps by prompt-
ing an LLM to generate instructions using voice and spatial input,
which are labeled based on predefined action labels.

Our system builds on these ideas using a multimodal LLM for
step segmentation and summary. Audio narration captured during
an expert demonstration is automatically transcribed into text. Prior
work has explored the combination of 3D demonstration and nar-
ration. For example, Kong et al. [14] pair demonstrations with
transcribed instructions for AR guidance. Our system uses the
transcribed text for task segmentation and summarization. Fol-
lowing related work on grounded instruction execution, which em-
phasizes aligning language with real-world tasks for reliable action
generation [5], we complement incomplete narration by enhancing
the LLM input with a synthetic video generated from the motion-
captured VR performance of an expert user.

3 SYSTEM OVERVIEW

Repetitive actions must first be identified before they can be pre-
sented as individual steps or summarized instructions in AR. We
designed our system as an end-to-end solution for authoring and
visualizing instructions.

3.1 Authoring

To increase the scalability of our AR guidance system, we automat-
ically derive actions and groups of recurring actions from expert
demonstrations. We capture these demonstrations in a virtual real-
ity (VR) environment, where we record 3D trajectories of the ex-
pert’s head and hands, virtual object motion data, and synchronized
audio narration. We chose to record such data from interactions
with a digital twin instead of real objects because VR provides reli-
able object pose data and avoids the challenges of real-time object
recognition and tracking in physical environments. During demon-
strations, experts manipulate virtual objects using a pinch gesture.

However, VR interactions alone may not capture sufficient detail
for complex manipulations, especially with small or non-rigid ob-
jects. Therefore, our system also supports recording video snippets
through the headset’s outward-facing camera. We implemented our
prototype as a standalone application for the Meta Quest 3, which
provides six-degree-of-freedom tracking for the hands and head,
video-see-through AR, and recording audio and video.

The captured data alone does not provide the structure required
for our instruction system. We therefore use a multimodal LLM
to segment and organize demonstrations into labeled actions and
groups suitable for replay and navigation. Based on preliminary
tests, we selected Gemini Flash because it provided the most reli-
able action segmentation and labeling from audio input.

We transcribe the expert narration and render an egocentric video
from the recorded motion data. The transcript and video frames are
provided to the multimodal LLM, which identifies distinct steps and
organizes them hierarchically. Each step receives a concise label,
detailed description, and reference to the corresponding narration
segment. Per-word timestamps and transcript links preserve tempo-
ral alignment between recorded actions and generated instructions.

State-of-the-art instruction generation methods using LLMs rely
on implicit knowledge encoded in model parameters during train-
ing. While this approach has proven effective in multimodal inter-
faces [21, 19], it may hallucinate incorrect instructions when input
is incomplete. Therefore, we instruct the LLM to describe only
observed actions rather than generate instructions from scratch.

3.2 Visualization

Our system provides different visualizations for step-by-step in-
structions. Individual actions are shown through spatially regis-
tered 3D animations of objects and hands (Figure 1a), directly cap-
tured during expert demonstrations. For more complex actions or
interactions with non-rigid objects, which may be unsuitable for
VR demonstration, we visualize only hand actions and provide ad-
ditional detail through a filmed video displayed on a virtual bill-
board near the object of interest (Figure 2b). The expert decides
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Figure 2: Interaction. (a) Visual occlusion is reduced by fading virtual overlays as the user’s hand approaches the target area. Right: The target
outline is preserved to indicate its position. (b) Groups of recurring actions are summarized in structural diagrams that indicate the planned end
state. Additionally, our system shows a summarized list of the steps from which the users can jump to the detail view for a specific action, which
shows how the actions need to be performed. This enables users to interactively switch between summarized and detailed instructions.

during authoring which actions require a filmed demonstration. We
represent groups of actions as before-and-after images and a situ-
ated, semi-transparent 3D digital twin model of the after-state (Fig-
urelb). While the images provide high visual fidelity, the 3D-
registered model conveys the group’s placement within the physical
environment. Before-and-after images are rendered from recorded
3D data using a canonical off-axis, downward-facing camera that
focuses on the parts of a group [4].

Per-step information, such as the step number, label, and descrip-
tion, is additionally displayed on a billboard near the object of in-
terest. For groups, the billboard shows substep labels instead of a
full description. Users can interactively adjust the instruction de-
tail by expanding groups into individual steps by selecting the icon
next to the step number, or by directly selecting a step in the sum-
marized list. Then they can optionally return to the summarized
view. To reduce occlusions between real and virtual elements, AR
visualizations become transparent as the user’s hand approaches the
object. However, to indicate its position, we preserve the outline of
the virtual object (Figure 2a).

4 [EVALUATION

We conducted a within-subjects usability pilot study comparing
two conditions: ungrouped, where each individual action was pre-
sented, and grouped, which used the AR action summary visual-
ization after users completed the first sub-assembly with detailed
guidance. In both conditions, participants followed instructions
to assemble sets of repeating sub-assemblies and to place them
on the main object at different locations (Figure 2a). The ob-
ject was designed and 3D printed for the study to avoid relying on
prior user knowledge, and the tasks required spatial reasoning and
hand-object interaction in AR. Conditions were balanced such that
users constructed the first set of four sub-assemblies under one con-
dition and the second set under the other to mitigate order effects.

The study was conducted using the Meta Quest 3 HMD, which
allowed participants to view AR instructions while interacting with
physical objects. The study was approved by the ethics review
board of Graz University of Technology.

We recruited 12 participants (3 female, 8 male, one undisclosed)
through social media and personal networks. Participants were be-
tween 25 and 45 years old (M=31.7, SD=5.5). They first com-
pleted a brief training task to familiarize themselves with the AR
setup, followed by both experimental conditions. After completing
the conditions, participants took part in a semi-structured interview
and completed a demographic questionnaire.

Results Qualitative feedback from post-study interviews re-
vealed a clear preference among all participants for the grouped
condition. Seven participants in the ungrouped condition tried to
skip steps or asked for grouping without being prompted, indicat-
ing a natural tendency to mentally aggregate repeated actions.

Eight found the ungrouped, repeated steps “tedious” or “need-
lessly cumbersome”. In contrast, the grouped condition received
consistently positive feedback. Seven participants described the
workflow as “natural”, with details being preferred during the first
initial exposure, then grouping once the task was understood.

Six participants reported that grouped instructions reduce cogni-
tive load and uncertainty, while in the ungrouped condition they “al-
ways had the fear something changes”, while grouping took “men-
tal load from you”. We further noted that the grouped condition did
not limit user engagement. Instead, participants often assembled
the sub-assembly using their own strategies rather than strictly fol-
lowing instructions. Only three participants expanded the groups to
their component steps when encountering a grouped visualization
for the first time, suggesting that the summarized view was gener-
ally sufficient after users had seen the detailed steps once.

Across both conditions, situated visualizations were identified as
the most helpful modality by ten participants, as they “show exactly
where to put parts” and “eliminate the need for manual measure-
ments” to find the right location; one participant stated to be able
to “do the task with only in-place visualization”. Videos were used
as a complementary modality by nine participants, particularly for
conveying motion and fine-grained details such as rotations, while
eight participants reported that they used text instructions less fre-
quently and primarily for confirmation. Overall, participants found
the system intuitive, easy to use, and beneficial.

Discussion User feedback confirms that instruction grouping
reflects the users’ natural tendency to organize steps into structures.
The strategy of first showing detailed step-by-step instructions be-
fore switching to a grouped representation aligns with users’ com-
ments about how they would organize sub-assembly actions: care-
fully following instructions first, then recalling what has been previ-
ously done. Repeatedly presenting already introduced steps report-
edly introduced perceived insecurities about the procedure, lead-
ing participants to verify identical assembly steps. Participants ap-
peared to develop their own solution paths when detailed steps were
not provided, indicating that grouped instructions can provide scaf-
folding for learning procedural tasks, as users not only recall steps,
but also rearrange them into new patterns.



5 FUTURE WORK

The results of our study suggest that our summary visualizations
align with the natural workflow of the users when following proce-
dural instructions with repeated actions. We believe that adapting
instructions to the user’s needs is important for effective AR guid-
ance, and that our approach takes a step forward in that direction.

Future work should investigate more complex procedures, in-
cluding assembly tasks that contain symmetrical structures and
varying levels of repetition. We aim to understand how effective
grouping remains when repeated steps are only partially similar,
or when similar actions produce different outcomes. We will ex-
plore when action summarization is beneficial and whether differ-
ent grouping strategies are needed for different types of procedures.
We also plan to evaluate LLM-based approaches for automatically
identifying and grouping related steps, including comparisons be-
tween different models and grouping methods.

Additionally, we plan to investigate automatic selection of in-
struction presentation based on factors such as workload estima-
tion [3] or error detection [22]. We will explore interaction tech-
niques that enable smooth transitions between different levels of in-
struction detail while minimizing the need for manual adjustments.
Beyond immediate task performance, future studies should exam-
ine whether gradually grouping and summarizing instructions in
sets of repetitive actions influence learning and retention compared
to traditional step-by-step instructions over longer periods.
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