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Fig. 1: Assembly Hypergraph with LLM-Mediated Narration and Augmented Reality (AR) guidance. We design an LLM-mediated
narration method to fuse semantic information and human-centric optimization in the assembly hypergraph. Our method can translate
the tedious assembly sequence into a narration polished by LLM narrators, improving both task performance and user experience.

Abstract— Effective Augmented Reality (AR) guidance for complex assembly faces a dual challenge: the inability of conventional
liaison graphs to represent procedural logic, and the cognitive burden imposed by visual instructions. We argue that the solution
requires a more expressive structure to overcome these representational deficits and a narration approach to mediate instruction
complexity. Our method first employs an assembly hypergraph to capture the task’s hierarchical information, from which an A* search
algorithm generates an optimal assembly path. Then a Large Language Model (LLM)-mediated narration workflow is designed to
address the ergonomic deficiencies of the machine-centric path. It employs an optimizer to improve fluency, followed by a narrator
that crafts the steps into an intuitive instruction narration. A within-subjects user study (N = 24) revealed a progressive enhancement
from our method’s components. The transition from a liaison-graph baseline to the hypergraph alone improved objective outcomes
by reducing task time and errors and improving subjective ratings (SUS, NASA-TLX, TAM, and ARI). Subsequently, augmenting the
LLM-mediated narration maintained these gains while lowering cognitive load and elevating user experience and usability. Our findings
indicate the value of our AR assembly design and discuss the opportunities of using LLM as a mediation layer for better user interaction.

Index Terms—Augmented Reality, Assembly Guidance, Hypergraphs, Large Language Model (LLM).
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1 INTRODUCTION

Augmented reality (AR) has emerged as a powerful tool in enhancing
industrial assembly processes, offering substantial potential to improve
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both production efficiency and human performance [41,55,59]. How-
ever, the effectiveness of AR guidance is fundamentally constrained by
its ability to accurately represent the structure and state of the assem-
bly task [26,58]. Such systems often struggle to model the complex
physical and logical relationships among numerous components, which
in turn compromises the quality and reliability of the guidance pro-
vided [10, 32].

The prevailing approach to modeling assembly tasks relies on liaison
graphs [19,39,53], in which nodes represent individual parts and edges
correspond to direct physical connections between them. This model
offers a clear advantage due to its straightforward one-to-one mapping
with the physical assembly, facilitating intuitive authoring and inter-
pretation for many conventional procedures. However, a significant
limitation arises when attempting to encode procedural logic rather
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than merely the final spatial configuration of the assembly process [67].
Because liaison graphs inherently capture spatial relationships among
components, they are poorly suited to representing higher-level assem-
bly constructs such as sub-assemblies, multi-stage tasks, procedural
dependencies, or alternative error-recovery steps [64]. This represen-
tational gap critically impedes the capacity of the system to provide
consistent guidance and ensure stable transitions between assembly
phases, highlighting the need for more expressive models that can
capture both structural and procedural aspects of assembly tasks.

To address the aforementioned representational limitations, we pro-
pose a hypergraph-based model for AR-assisted assembly that em-
ploys hyper-edges to capture higher-order relationships such as sub-
assemblies, multi-stage processes, and their associated constraints,
which go beyond binary physical connections. This model not only
encodes connectivity but also incorporates ordering constraints, mutual
exclusions, prerequisites, and error-recovery options as fundamental
elements. While this expressiveness significantly enhances system-
level consistency checking and validation, it introduces substantial
challenges at the user interface level, particularly the risk of high cogni-
tive load, increased context switching, and reduced immersion when
presenting such a complex representation directly in head-mounted
displays [48,57]. To bridge this gap, we present an approach that
transforms the formal assembly plan derived from the hypergraph into
instructions aligned with human cognitive and operational patterns.
The proposed method first applies an A* search algorithm to the hy-
pergraph to generate a structurally optimal and procedurally sound
assembly path that satisfies all constraints, yet often remains unsuitable
for human execution due to its rigidity. To overcome this limitation, we
further propose a workflow coupling Large Language Model (LLM)
with an assembly hypergraph, which performs semantic analysis and
ergonomic optimization on the task sequence. This workflow reinter-
prets the machine-oriented plan, regroups and re-orders instructions to
enhance procedural coherence, and ultimately delivers a refined guid-
ance sequence that minimizes cognitive overhead by reducing context
switches and aligning step granularity with the natural hierarchy of the
assembly task.

Our main contributions are summarized as follows:

(1) We introduce a novel hypergraph-based representation that ex-
plicitly models complex assembly structures and constraints, enabling
the encapsulation of higher-order relationships such as sub-assemblies,
multi-stage sequences, and procedural dependencies;

(2) We propose LLM-mediated narration guidance, which struc-
turally and semantically reorganizes task sequences to translate assem-
bly paths into ergonomically organized task plans, thereby reducing
cognitive load and enhancing operational fluency;

(3) We conduct a within-subjects user study to empirically evaluate
the proposed approach against a conventional liaison graph baseline
and a hypergraph-only condition. The study assesses both objective per-
formance metrics and subjective user experience, providing comprehen-
sive evidence for the effectiveness of integrating structured knowledge
representation with LLM-mediated narration guidance.

2 RELATED WORK
2.1 Augmented Reality Assembly

The use of AR guidance to support industrial assembly is a well-
established research area [5,19,27,47]. The domain is characterized by
tasks that involve numerous components, intricate dependencies, and
staged progressions [43]. The foundational works in AR authoring have
long emphasized the importance of hierarchical structures to organize
and convey complex assembly instructions. More recent approaches
have focused on the dynamic aspects of the process, with a significant
emphasis on state-aware systems that can detect the current configura-
tion and validate transitions to subsequent legal states [50]. Regarding
standardized visual guidance in AR, existing empirical studies remain
limited and inconclusive [36,61]. Although some research suggests
that it can effectively reduce error rates or shorten completion times,
systematic validation is still lacking [35,45]. Moreover, objective per-
formance improvements do not necessarily align with reductions in
users’ subjective cognitive load, suggesting a persistent gap between

performing a task correctly and performing it with ease [3, 35]. In
light of these gaps, this work considers how assembly guidance can be
designed not only to ensure procedural correctness, but also to reduce
cognitive strain during real-world operations.

2.2 Computational Task Planning and Representation

To manage the complexity of assembly tasks, the field has evolved
from classical planning formalisms toward state-aware graph repre-
sentations. Foundational work in Al planning established rigorous
standards for logical correctness. The Planning Domain Definition
Language (PDDL) provides a syntax for defining action sequences
and verifying plan feasibility [2], while Hierarchical Task Networks
(HTN) effectively model the decomposition of high-level goals into
executable sub-tasks [16]. For systems requiring concurrency manage-
ment, Petri Nets offer robust tools for modeling asynchronous flows
in manufacturing environments [22]. Despite these strengths in logi-
cal verification, symbolic planners often encounter difficulties when
considering the ambiguity of human interaction [4, 11]. Consequently,
AR researchers have increasingly adopted graph-based representations
to explicitly model state changes and enforce correctness in dynamic
physical settings [33, 39,50, 53, 60, 65, 66]. Graph structures enhance
the robustness of object tracking [23,39,50] and define the topology
of valid state transitions [53, 60]. However, the conventional liaison
graph, which maps parts to nodes and physical connections to edges,
lacks the semantic capacity to represent higher-level constructs such
as multi-part constraints or functional sub-assemblies. Motivated by
these limitations, our work adopts a Hypergraph representation that
integrates the rigor of planning logic with the semantic expressiveness
required for AR guidance.

2.3 Cognitive-Aware Task Narrativization in XR

No matter how robust the internal task model is, it remains inert until
effectively conveyed to the user. A central difficulty in this commu-
nication process lies in managing user cognitive load [3,49]. From
the perspective of Cognitive Load Theory, AR systems must navigate
the Split-Attention Effect, which posits that performance degrades
when users’ integrate spatially separated information sources [46].
While AR employs the Spatial Contiguity Principle to mitigate this by
overlaying instructions on physical objects [9], prolonged exposure to
immersive environments can still induce fatigue and discomfort [6].
Research indicates that although exposing users to a complete causal
hierarchy improves understanding, it often imposes a steep learning
curve [30]. When this balance between completeness and digestibil-
ity is missed, it diminishes the user’s sense of presence [37,56] and
induces frustration [62]. To objectively evaluate these impacts beyond
subjective reporting, recent studies have utilized eye-tracking metrics
and gaze transition for real-time cognitive load and cybersickness as-
sessment [1, 18,34, 52]. Moreover, prevailing authoring paradigms
often lack the dynamism needed to address these cognitive constraints.
Structured approaches such as the trigger—action model rely on the
author’s ability to anticipate all interaction paths [12]. Such static
design scales poorly when faced with complex real-world tasks and
lacks the flexibility to adapt to emergent user behaviors [40,51]. Large
Language Models (LLMs) offer a promising avenue for dynamic nar-
rativization but introduce the risk of hallucination, where generated
instructions may be linguistically plausible but factually incorrect with
known constraints [31, 38]. To mitigate this in industrial contexts,
generative outputs must be grounded in verifiable logic or physical
affordances [7,29]. Recent neurosymbolic frameworks demonstrate
that coupling LLMs with symbolic planners significantly improves
the reliability of task reasoning [11,24,44]. In response, our method
considers how structured task logic can be dynamically translated via
LLMs, using the hypergraph as the grounding context. This approach
ensures that narration remain procedurally rigorous while being sensi-
tive to cognitive constraints, thereby bridging the gap between system
optimality and user experience.
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Fig. 2: The framework of LLM-Mediated Narration based on Hypergraph. First, assembly hypergraph is constructed with semantic information to
model the hierarchical structure from raw assembly, and an A* algorithm finds an efficient path. This path then undergoes LLM-mediated narration
where an Optimizer and Retriever collaborate to refine the sequence for human ergonomics using contextual data from the hypergraph. The
process concludes with a Narrator translating the optimized path into human-centric AR guidance.

3 METHOD
3.1 Overview of LLM-Mediated Narration based on Assem-
bly Hypergraph

Our method transforms a physical assembly task into human-centric
AR instructions. As shown in Figure 2, the process is divided into
two primary phases: first, generating a machine-optimal assembly plan
from a structured representation, and second, refining this plan into an
ergonomic narration.

The first phase begins by formalizing the assembly task into a seman-
tically rich hypergraph. This structure captures not only the physical
components and their connections but also the hierarchical and pro-
cedural constraints. Operating on this hypergraph, a specialized A*
search algorithm generates a logically coherent assembly path which
serves as the raw input for the next phase.

The second phase takes the machine-centric path and transforms it
through a three-component workflow. The path is first converted into a
stable data format. It then undergoes ergonomic refinement, where an
Optimizer module re-orders steps based on human-factors principles,
using a Retriever to query the hypergraph for context. Finally, a
Narrator module converts the optimized path into a script of AR tool
calls, producing the final guidance.

3.2 Hypergraph for Structured Assembly Representation

We adopt a hypergraph as the formal representational foundation to
capture both the physical state of an assembly and the intricate logic
governing its construction process. This model extends beyond con-
ventional liaison graphs by explicitly encoding hierarchy, staging, and
complex procedural constraints essential for valid guidance generation.

3.2.1

To formally represent the assembly, we define a semantically enriched
hypergraph G. In this definition, the hypergraph topology provides
the abstract skeleton of connectivity, while specific mapping functions
assign the physical and procedural semantics required for execution.
The foundational structure of the assembly is a triplet G = (V,E,H)
where V is a finite set of vertices representing fundamental entities, £

Formalization of the Assembly Hypergraph

is a set of standard edges representing direct physical connections, and
H is a set of hyper-edges used for grouping vertices.

We then introduce the assembly semantics. We imbue the hypergraph
G with assembly semantics through a family of formal maps that specify
the meaning of its components. A typing function 7 : V — {part, state}
assigns a role to each vertex. This partitions V into a set of phys-
ical parts Vp4y and abstract state nodes Virare. Standard edges are
constrained to model connections only between physical parts, i.e.,
E C {{u,v} | u,v € Vpar,u # v}. An attribute map ag : E — Xg as-
signs physical properties to each connection. Crucially, o serves as
an integrity constraint check. A connection e = {u, v} is valid only if
the physical properties are compatible between u and v.

Hyper-edges provide hierarchical and procedural depth com-
pared to normal edges. The second typing function, o : H —
{sub-assembly, stage}, is used to distinguish their roles. A sub-
assembly hyper-edge (h € Hy,;,) groups a set of part vertices, defined by
an incidence map 1 : Hy,, — 2"re. A stage hyper-edge (h € Hitage) de-
lineates a distinct step in the assembly process. Each stage is associated
with procedural attributes by an attribute map oy : Hyage — ZH.

Building on the concept of stages, the procedural logic is defined by
two binary relations on the set of stages Hyrqge. The prerequisite rela-
tion, Ryre € Hrage X Hytage» Where (h;,hj) € Rpye signifies that stage
h; must be completed before stage ;. The mutual exclusion relation,
Rex € Hyrage X Hytage, Where (h;, hj) € Rex indicates that stages ; and
hj cannot be performed concurrently. For a valid workflow, the reflex-
ive transitive closure Ry * of the prerequisite relation induces a partial
order (ngg, =) on the assembly stages. In essence, the Hitage define

the task that links the associated physical parts together.

Taken together, the structural triplet (V,E,H) and the semantic
components, which include the maps (7,0, ag, ay,1) and relations
(Rpre;Rex), form a comprehensive hypergraph of the assembly task.
This model explicitly captures the component hierarchy, procedural
stages, and operational constraints, thereby establishing a robust foun-
dation for the algorithmic planning of an assembly sequence.



3.2.2 Assembly Path Generation Via A* Search

To traverse the assembly hypergraph, we formulate the task of finding
an optimal assembly plan as a search problem. In our model, a state
Sy is formally defined by the set of completed edges. This set of edges
represents the assembly’s progress, conceptually tracking which com-
ponents are fully assembled. The state transition actions are twofold:
physical connection actions for actual assembly steps, and hierarchical
navigation actions for shifts among sub-components.

However, a direct application of A* to this model presents two key
challenges [17,63]. First, if navigation is zero-cost, the A* evaluation
function struggles to differentiate between an orderly plan and an
inefficient one that chaotically switches between subtasks. Second,
standard A* cannot determine the assembly order for independent
subsystems that are disconnected in the graph.

To address these challenges, our A* algorithm optimizes not a single
cost, but a multi-dimensional cost vector with prioritized components.
This ensures that decisions prioritize physical progress before secondary
goals like assembly coherence. We adapt the standard A* evaluation
function’s structure, but critically redefine its components:

h(S,):Heuristic

8(S,,):Path Cost

=Y c(a;)+<|R(Sn>|+ Y |C(g’)|>- ()

a;€P(S0,S,) g'€u(Sy)

Although the number of remaining connections is countable in a
certain graph, we frame A(S,) as a heuristic within the A* context to
guide the search toward the goal state. The vector cost g(S,) and scalar
heuristic 4(Sy,) are combined through a prioritized tuple comparison
logic.

In this formulation, the heuristic /(S,) is a scalar estimate of remain-
ing physical connections, ensuring admissibility. Specifically, R(S;) is
the set of remaining connections in the current subtask, U(S},) is the set
of all unfinished subtasks, and C(g’) is the set of connections within
any given subtask g’.

By adapting the path cost g(Sy,) to a vector, the core change enables
the A* search to evaluate paths using a sequence of objectives, first
maximizing physical progress and subsequently penalizing incoherent
switches between subtasks. To implement this, we define the action
cost vector with components corresponding to physical connections,
switches, and navigation steps, denoted as c(a;) = (Cconn, Cswitchs Cnav)-
A physical connection costs (1,0,0), a coherent navigation is (0,0,1),
and an incoherent switch from an unfinished sub-assembly costs
(0,1,1). The total path cost g(S,) is the vector sum of these costs,
yielding g(Sn) = (gconn: Gswirchs nav)-

This vector directly forms the basis for a lexicographical comparison
in the A* priority queue. Instead of a single value, the algorithm now
evaluates states using a comprehensive sorting key:

SortKey = (gconn +h, gswitch, &nav, —depth). @)

This sorting key enforces a hierarchical comparison. The algorithm
first compares the estimated physical progress to guarantee optimality,
and only uses subsequent terms as tie-breakers to penalize incoherent
paths.

To resolve component discreteness, we introduce a virtual root node
connecting all independent sub-components. It transforms the inter-
component sequence decision into a path-finding choice for the A*
search. By optimizing the sorting key, the search yields a basic assem-
bly path. This path with hierarchical coherence serves as the raw input
for the subsequent LLM-mediated narration.

3.3 LLM-Mediated Narration Workflow for Generating Er-
gonomic Assembly Path

The assembly path produced by the A* search guarantees logical cor-
rectness but lacks ergonomic considerations for human operators. To
transform this rigid sequence into intuitive instructions, we developed
an agent workflow with three functional layers. This workflow sep-
arates the processing into data retrieval, ergonomic reasoning, and

narration generation. We focus on the flow of assembly data between
the different layers and state management to ensure that ergonomic
refinements are grounded in the verifiable geometric and procedural
facts of the assembly.

3.3.1  Assembly Path Structuring for Stable LLM Ingestion

The workflow begins with a structuring component, intended to trans-
late the abstract assembly path into a structured, LLM-readable format.
Establishing a stable and reliable data structure at the outset is a prereq-
uisite for any downstream LLM-based processing. Through experimen-
tation, we found that a direct, monolithic graph-to-JSON conversion
was prone to structural errors. Consequently, we implemented a two-
step process where the path is first converted into a series of Cypher
queries before being serialized to a final JISON sequence (S,q). This
use of an intermediate, syntactically verifiable representation serves
as a structuring gateway, ensuring that subsequent stages operate on a
consistent and reliable data foundation.

3.3.2 Ergonomic Optimization of Assembly Path

The central ergonomic transformation is carried out by a set of LLM
modules built on LangGraph. The Optimizer re-orders and groups
steps in Sy, according to human-factors principles such as limiting
tool switches and co-locating actions in the same physical zone. Task
allocation and coordination are achieved through a strict separation of
concerns: the Optimizer makes planning decisions while the Retriever
supplies factual context on demand; the resulting structured steps are
then handed to the Narrator in the final part for language refinement.

Engaging in ergonomic refinement requires access to information
beyond the linear sequence of steps, including the physical properties
of parts and their spatial relationships. The Optimizer therefore dy-
namically acquires this context by invoking the Retriever to query
the assembly hypergraph for targeted facts. These queries might seek
to identify the specific tool needed for a connection, determine the
proximity of different components, or retrieve other relational data
for applying a human-factors principle. To maintain focus and reduce
informational noise, retrievals are constrained to the top-5 most relevant
facts. This design grounds the Optimizer’s reasoning in the verifiable
data of the hypergraph. Such an architectural separation of concerns
makes the entire process more robust and transparent.

3.3.3 Narration Generation for Cognitive Fluency

The final stage of the workflow converts the optimized but abstract
assembly path into an ergonomic guidance script for the AR environ-
ment. This task is performed by a dedicated Narrator module. This
module operates in a two-tier process. A global planner first segments
the task into coherent acts, then translates logical steps into specific UI
commands. These commands will invoke a predefined set of narration
tools within the AR client. To ensure consistency, the tool-calling
is restricted to a strict schema of abstract actions. These actions are
mapped to Unity prefabs and functions. Table 1 shows all narrative
tools managed by the Narrator. Finally, a validation step verifies that
the output sequence strictly aligns with the input assembly path.

Table 1: Mapping of Narrative Tools to AR Actions. The Narrator utilizes
these tools as narrative primitives, which are finally rendered in Unity.

Tool Inputs AR Visualization
Text Hint  text Displays a Ul panel with text.

A . Rotates model to face user and high-
Highlight  target_id lights part.
Link id_A,id_B Pulses a linking line between parts.
Hicrarchy order_list Sequentially highlights all parts in

a subgraph.
Animate id, edge, Plays install/remove animated in-
mode structions based on assembly data.

Check id_list Shows 3D prefabs of parts for user.
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"additionalMountPoints™: [
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1

Fig. 3: The implementation details of agent workflow. The upper
diagram illustrates the state transition logic where the Optimizer refines
the path using retrieved context, and the Narrator structures the global
narrative. The lower panels display the prompt for narrative planning and
Data Schema used to ground the LLM.

Isolating this final translation step creates a separation between the
two core agent layers. The Optimizer performs the planning by deter-
mining the content and sequence of tasks, whereas the Narrator handles
the presentation by formulating the best method to convey those instruc-
tions to the user. This architectural separation enhances modularity,
allowing the set of narration tools to be expanded or modified without
impacting the upstream optimization logic. Thus, this orchestration of
visual cues and texts transforms a single logical directive into a rich
instruction.

3.3.4 Implementation Details

We implemented the agentic workflow using the LangGraph framework
to manage state transitions and memory persistence. The system uti-
lizes specific models from the Gemini family depending on the tasks.
Figure 3 illustrates the detailed state transitions, sample prompts, and
data schema. The Optimizer employs gemini-2.5-pro with a tem-
perature of 0.5 to balance creative routing strategies with adherence
to constraints. We allocated a thinking budget of 4000 tokens to sup-
port its reasoning over the optimization history. The Narrator also
uses gemini-2.5-pro but operates with a temperature of 0.8 and an
extended thinking budget of 8000 tokens to enhance narrative fluency
and adaptability. In contrast, the Retriever utilizes the lightweight
gemini-2.5-flash model with a temperature of 0.5 and a 2000 to-
ken budget for a low-latency retrieval when grounding information
from the graph database.

4 USER STUDY

To empirically evaluate our proposed LLM-mediated narration ap-
proach based on assembly hypergraph and understand the contributions
of its representational and conveyance components, we conducted a
within-subjects user study. This study was designed to compare our
system against two key baselines: a hypergraph-only system that ex-
poses structural information without LLM-mediated narration, and a
traditional liaison graph system representing the conventional approach
to AR guidance.

4.1

Our study was guided by two primary research questions that examine
the sequential contributions of structured representation and LLM-
mediated narration workflow.

RQ1: Compared to a conventional liaison graph, does a hypergraph
representation reduce the procedural difficulty of a complex assembly
task and improve objective outcomes?

H1.1 Cognitive Process: Compared to the liaison graph, the struc-
tured guidance of the hypergraph will reduce users’ overall cognitive
load. In terms of attention patterns, it will enhance operational effi-
ciency in the physical assembly area, though this structural information
may come at the cost of increased attentional switching frequency.

H1.2 Task Outcome: These process-level improvements will result
in task completion times (TTC) that are no worse than the liaison graph
condition and error rates that are equal to or lower.

H1.3 Attentional Cost: The structural advantages offered by the
Hypergraph in deconstructing complex tasks come at the cost of in-
creased cognitive switching. This will be observed as more frequent
attentional shifts of gaze events between different information areas
compared to the liaison graph.

RQ2: Building on the Hypergraph condition, does introducing the
LLM-Mediated Narration further optimize cognitive burden and subjec-
tive evaluations while maintaining or enhancing objective performance?

H2.1 Attention Guidance: The LLM-Mediated Narration method
will further optimize users’ attentional allocation. Specifically, the nar-
ration instructions will significantly reduce reliance on low-information-
density animated models, redirecting attention to the higher information
density text instructions while simultaneously reducing the cognitive
switching cost in the task area.

H2.2 Overall Evaluation: These experiential enhancements will be
reflected in higher ratings for immersion (ARI), usability (SUS), and
technology acceptance (TAM). Concurrently, objective performance
metrics such as task completion time (TTC) and error rates will be at
least as good as, if not better than, the Hypergraph-only condition.

Research Questions and Hypotheses

4.2 Study Design
4.21 Task and Conditions

Participants were tasked with assembling a multi-part robotic gripper,
a task representative of moderately complex industrial procedures in-
volving 25 components and 20 pairs of fasteners. The experiment
employed a within-subjects design where each participant completed
the assembly task under all three conditions: (1) liaison graph: A
baseline method that presented a linear sequence of steps derived from
a simple liaison graph. It offers standard context, showing only the
immediate next connection without grouping related sub-tasks. (2)
Hypergraph: An experimental condition using our hypergraph repre-
sentation to provide structured, stage-aware guidance. While it groups
steps by sub-assembly stages, it presents this structure in a raw for-
mat without narrative optimization. (3) LLM+HG: Our full proposed
method, which used the LLM-mediated narration workflow to translate
the structure of the hypergraph into an ergonomically optimized and
coherent sequence of instructions, explicitly managing attention shifts
and summarizing complex actions. The order of conditions was coun-
terbalanced across participants using a Latin square design to mitigate
learning and fatigue effects.

4.2.2 Participants and Procedure

We recruited 24 participants (17 male, 7 female) with engineering
backgrounds from a local university (M = 23.75,SD = 2.63). The
Northwest University Medical Ethics Committee approved this study
(IRB 241113089, Nov 13, 2024), and all participants signed written
informed consent. Given that most participants had limited prior AR
experience, a standardized tutorial session was conducted to ensure
basic HMD proficiency. Figure 4 illustrates the specific procedure of
the study. Participants performed the assembly task under three coun-
terbalanced conditions. Mandatory rest periods were enforced between
trials to prevent fatigue. Subjective questionnaires were completed after
each condition, concluding with a semi-structured interview.
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Fig. 4: The timeline for the within-subjects study. Participants en-
gaged with three conditions in counterbalanced sessions. Each session
included a tutorial, the core task of AR assembly, and a post-task survey,
interspersed with breaks and concluding with a semi-structured interview.

4.2.3 Apparatus and Wizard-of-Oz

The study was conducted using a Pico 4 Ultra HMD (90Hz refresh rate,
104° FoV) with video-see-through capabilities, connected via Wi-Fi
to a workstation. To simulate robust state recognition, we employed a
Wizard-of-Oz (WoZ) methodology [14,54]. The operator controlled the
system via a desktop GUI comprising three information streams: (1) a
real-time first person view stream cast from the participant’s HMD to
verify fine manipulations; (2) a direct view of the physical workspace
to monitor actions potentially occluded from the HMD cameras; (3) a
logic panel displaying the current step index and state constraints.

A single trained experimenter conducted all sessions. The average
system response latency including operator reaction time was recorded
at approximately 250 ms. Participants were unaware of human inter-
ventions and were led to believe that the system was fully automated.
This design was chosen to ensure internal validity by eliminating track-
ing latency and recognition failures as confounding variables, thereby
isolating the effects of the guidance method.

4.3 Measurements

We quantified participant performance and experience using a com-
bination of objective and subjective metrics. Objective performance
was primarily assessed by Time To Completion (TTC), measured from
the start to the completion of the assembly, and Error Rates, which
included both total errors and specific procedural failures. To analyze
cognitive effort and attention allocation, we captured head gaze data,
from which we calculated the normalized dwell duration and transition
counts within three predefined Areas of Interest (AOI): the Production
Model Area, the Assembly Area, and the Instruction Area.

Following each condition, participants’ subjective experiences were
assessed. Perceived task load was measured using the NASA Task
Load Index (NASA-TLX). System usability was evaluated with the
System Usability Scale (SUS), immersion with the Augmented Real-
ity Immersion (ARI) scale, and user acceptance via the Technology
Acceptance Model (TAM). After the final condition, we conducted a
semi-structured interview focused on participants’ perceptions of the
differences between the guidance systems and how these differences
impacted their problem-solving approaches

5 RESULTS

We present the findings from the user study, aimed at quantifying the
distinct contributions of the Hypergraph representation and the LLM-
mediated narration. All statistical analyses were prespecified to exam-
ine the effects of the different guidance modalities on objective perfor-
mance, attention patterns, and subjective experience. For our repeated
measures analysis of variance, we first conducted Mauchly’s test of

Table 2: Time To Completion (TTC) in seconds. Statistical metrics (p,
Cohen’s d) represent pairwise comparisons against the Liaison graph
baseline.

Avg. Cohen’s Effect
Method +std.dev. p d size
Liaison graph ~ 992.32 +237.91 - - -
Hypergraph 873.6+117.51  0.012 0.632 Medium
LLM+HG 826.50+146.2  0.047 0.839 Large

sphericity [42]. When this assumption was violated (p < .05), we report
Greenhouse-Geisser corrected results [21]. All post hoc pairwise tests
were adjusted for multiple comparisons using the Holm—Bonferroni
method [28]. Effect sizes are reported using Cohen’s d, for which 95%
confidence intervals (Cls) are also provided [13]. For measures where a
lower score indicates better performance, a negative effect size signifies
an improvement for the intervention group over the control group.

5.1 Validation of Experimental Design

To verify whether the presentation order introduced confounding fac-
tors to our within-subjects design, we conducted RM-ANOVAs with
presentation order (1st, 2nd, 3rd) as the independent variable. No sig-
nificant main effects were found for Time To Completion (TTC) (F(2,
46) = 1.19, p = .32), Total Error Rate (F(2, 46) = 1.05, p = .36), or
NASA-TLX (F(2, 46) = 0.96, p = .40). Interestingly, TTC trended up-
ward (M5 = 836s vs. M3, = 940s), suggesting physical fatigue from
prolonged AR usage likely counteracted typical learning curves. While
errors decreased slightly (M = 0.136 vs. M3,; = 0.098), the lack of
statistical significance confirms that our Latin square design effectively
distributed these opposing factors (fatigue vs. learning). Consequently,
the results reported below can be attributed to the guidance modalities.

5.2 Objective Results
5.2.1 Performance Outcomes

We analyzed Time To Completion (TTC) and error rates to assess
operational efficiency. The mean task completion times are shown in
Table 2. The main effect from the RM-ANOVA on TTC was statistically
significant (F(2, 46) = 3.32, p = .045). However, with the CIs upper
bound nearing zero, the significance was not robust enough (d = -0.84,
p=.047,95% CI [-1.55, -0.02]). The full LLM-mediated narration
method showed a large improvement over the liaison graph baseline.
Although the effect reached statistical significance, its marginal nature
warrants cautious interpretation.

In contrast, while pairwise p-values for the other comparisons were
low, their ClIs for the effect sizes both crossed zero ( d =-0.63, 95% CI
[-0.93, 0.05], d =-0.36, 95% CI [-0.93, 0.28]). This suggests that while
trends for improvement exist, these effects were not strong enough to
be considered statistically significant.

A similar pattern was observed in error rates, as illustrated in Fig-
ure 5. Although the overall RM-ANOVA for Total Error Rate did not
reach statistical significance (F(2, 46) = 2.08, p = .134), likely due to
high variance across conditions, planned pairwise comparisons revealed
an advantage. Specifically, the full method led to a significant reduction
in total errors compared to the liaison graph baseline (p = .025, d =
-0.52), highlighting a targeted improvement in accuracy not captured by
the omnibus test. A deeper analysis into error subtypes showed that the
ANOVA for Assembly Failure Rate was significant (F(2, 46) = 4.75,
p = .013). The comparison between the LLM-mediated narration and
hypergraph conditions on this metric is particularly revealing. While
its post-hoc p-value was marginal (p = .051), the confidence interval
for the effect size (d =-0.74, 95% CI [-1.41, 0.02]) indicated a strong
trend towards a reduction in errors, though the interval’s upper bound
slightly crossed zero. This suggests that while not definitively con-
firmed with 95% confidence, there is evidence for the LLM-mediated
narration method’s superiority in reducing assembly failures over the
hypergraph. In contrast, for other error-rate comparisons with low
p-values, the CIs more clearly contained zero, indicating these effects
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bars indicate standard error. Asterisks (*) denote pairwise significance
(p < .05).

were not robust. This underscores that the LLM-mediated narration’s
primary benefit was in clarifying how the assembly process should be
performed, thereby preventing procedural missteps.

5.2.2 Attention Patterns

To understand the cognitive processes underlying the performance
outcomes, we analyzed head gaze data, focusing on how participants
allocated their attention across three predefined Areas of Interest. To
isolate the effects of the guidance modality from variations in task
duration, the following analysis reports on the normalized duration and
counts.

Figure 6 visualizes the total dwell time within each AOI across con-
ditions. A significant main effect was found for dwell time (F(2, 46)
=42.18, p < .001). Post hoc tests revealed that the LLM-mediated
narration method reduced reliance on animated demonstrations, with
participants spending significantly less time viewing the model than
in both the liaison graph (d =-1.73, 95% CI [-2.81, -0.94]) and hyper-
graph (d =-1.26, 95% CI [-1.62, -0.53]) conditions. This very large
effect suggests that the LLM-mediated narration’s instructions were
sufficiently clear and information-dense to obviate the need for fre-
quent visual reference to the animated model. Both the hypergraph and
LLM-mediated narration conditions also led to less dwell time in the

Fig. 7: Transition events on Areas of Interest (AOI). Attention patterns
are quantified by the frequency of transition events. Error bars indicate
standard error. Asterisks (*) denote pairwise significance (p < .05).

physical Assembly Area compared to the baseline, indicating higher
efficiency. Conversely, gaze duration on the text instructions was high-
est in the LLM-mediated narration condition, reflecting the increased
informational content provided by its human-factors-informed textual
prompts.

Analysis of transition events, shown in Figure 7, further illuminates
the cognitive cost of information processing. The ANOVA for tran-
sition events in the Assembly Area was significant (F(2, 46) = 17.08,
p < .001). The results indicate that the benefits of the raw hypergraph
structure came at the cost of increased attentional switching, as partic-
ipants in this condition gazed more frequently at the Assembly Area
compared to the LLM-mediated narration method (d =-1.22, 95% CI
[-1.58, -0.94]). The LLM-mediated narration method successfully miti-
gated this cognitive overhead, reducing the switching frequency back to
a level statistically indistinguishable from the baseline (p = .13). This
finding suggests that while a structured representation is beneficial, an
LLM-mediated narration is critical for integrating that structure in a
way that minimizes disruptive and costly context switching.

5.3 Subjective Questionnaire Results
5.3.1 System Usability Scale (SUS)

To assess perceived usability, we utilized the SUS, a widely recognized
and reliable tool for measuring the subjective usability of a system [8].
The SUS scores depicted in Figure 8 (a) demonstrate that the structural
and narration enhancements had independent and cumulative positive
effects on perceived usability. The RM-ANOVA was highly significant
(F(2, 46) = 42.20, p < .001), and crucially, all pairwise comparisons
between the three conditions were also significant, with 95% Cls for the
effect sizes robustly excluding zero. This clear, stepwise improvement
underscores that both the underlying representational model and the
method of its conveyance are critical, interacting components of a
usable and effective AR guidance method.

5.3.2 NASA Task Load Index (NASA-TLX)

The NASA-TLX is a standard multidimensional assessment of subjec-
tive cognitive workload [25]. We utilized it to quantify the cognitive
burden on participants under each guidance condition. The results,
shown in Figure 8 (b) corroborate the patterns observed in the objective
data. The RM-ANOVA revealed a significant main effect of guidance
condition on perceived task load (F(2, 46) = 12.11, p < .001). The
introduction of the hypergraph structure was a key factor in reducing
cognitive burden, leading to significantly lower TLX scores compared
to the liaison graph baseline (d = -0.77, 95% CI [-1.41, -0.39]). The
LLM-mediated narration method further reduced the mean workload
score, resulting in a large and significant improvement over the baseline
(d =-0.84, 95% CI [-1.52, -0.79]). While the numerical difference
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between the LLM-mediated narration and hypergraph conditions did
not reach statistical significance, as its CI crossed zero, the overall trend
suggests that the structural representation provided by the hypergraph
addressed the majority of the cognitive strain.

5.3.3 Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM) is a foundational theory
explaining how users accept new technology based on its Perceived
Usefulness (PU), Perceived Ease of Use (PEOU), Behavioral Intention
(BI), and Attitude (ATT) [15]. We applied this model to evaluate par-
ticipants’ acceptance of each guidance method. The results, shown in
Figure 9, reveal that acceptance was primarily driven by the structural
improvements of the hypergraph. For the core dimensions of PU, BI,
and ATT, both the hypergraph and LLM-mediated narration conditions
significantly outperformed the liaison graph baseline, but were not
significantly different from each other, as confirmed by 95% confidence
intervals that contained zero. The LLM-mediated narration’s contri-
bution was more nuanced, manifesting in the PEOU dimension. Here,
while a positive trend was observed over the hypergraph condition, the
difference was not statistically significant as the CI also crossed zero
(95% CI [-0.09, 2.43]), suggesting the full method’s refined interaction
enhanced the quality of the experience, though not to a degree that was
robustly distinguishable from the hypergraph alone.

5.3.4 Augmented Reality Immersion (ARI)

The Augmented Reality Immersion (ARI) questionnaire is a validated
scale for measuring user immersion in AR environments [20]. We used
it to assess the multi-faceted nature of immersion generated by each
method, with the results shown in Figure 10. The analysis revealed
that the LLM-mediated narration method provided a richer and more
comprehensively immersive experience. Greenhouse-Geisser correc-
tions were applied to the ANOVA results for the Interest, Usability,
and Presence dimensions, as Mauchly’s test indicated a violation of
the sphericity assumption. The LLM-mediated narration condition was
rated significantly higher than the liaison graph baseline on Usability (d
=1.52,95% CI [0.79, 2.14]), Interest (d = 0.93, 95% CI [0.62, 1.66]),
and Presence (d = 0.93, 95% CI [0.25, 1.60]). In contrast, the hyper-
graph only significantly improved upon Interest and Usability. Notably,
the Usability dimension exhibited a clear stepwise progression, with
the LLM-mediated narration being superior to the hypergraph (d = 0.54,
95% CI [0.21, 1.26]), which was in turn superior to the liaison graph (d
=0.51,95% CI[0.02, 1.98]), mirroring the SUS results.

Furthermore, confidence intervals provided stronger evidence for
the LLM-mediated narration’s ability to induce deeper immersion than
p-values alone. For the comparison with the hypergraph, the 95%

Fig. 9: Technology Acceptance Model (TAM) scores. The evaluation
covers four dimensions: Perceived Usefulness (PU), Perceived Ease of
Use (PEOU), Behavioral Intention (Bl), and Attitude (ATT). Error bars
indicate standard error. Asterisks (*) denote pairwise significance (p <
.05).
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Fig. 10: Augmented Reality Immersion (ARI) scores. The question-
naire measures user immersion across dimensions including Interest,
Usability, Emotion, Attention, Presence, and Flow. Error bars indicate
standard error. Asterisks (*) denote pairwise significance (p < .05).

CI for the effect on Flow was entirely above zero (d = 1.07, 95%
CI [0.18, 1.70]), indicating a significant positive effect. For Focus
of Attention, the CI excluded zero (d = 1.00, 95% CI [0.02, 1.11)),
providing strong evidence for a positive trend. These findings indicate
that while a structured hypergraph can make a task more interesting,
the ergonomic optimizations of LLM-mediated narration method are
crucial for elevating the experience into one that is usable, engaging,
and creates a stronger sense of presence and flow.

6 DISCUSSION

The user study findings indicate a progressive enhancement in assem-
bly guidance effectiveness, beginning with the structural foundation
of the hypergraph and culminating in the refinements of the LLM-
mediated narration. This progression was observable across objective
performance, attentional patterns, and subjective experiences. The
choice of guidance modality influenced task completion time, with a
discernible tendency towards greater efficiency, particularly when the
full method was compared to the liaison graph baseline. This perfor-
mance trend was accompanied by a notable shift in attentional strategy.
The guidance appeared to reduce reliance on animated models in fa-
vor of more information-dense text instructions. Furthermore, while



the introduction of the hypergraph structure was associated with in-
creased attentional switching in the assembly area, the LLM-mediated
narration workflow seemed to counteract this effect, bringing AOI
transition counts closer to baseline levels, optimizing visual search
efficiency [1,52]. This pattern aligns with subjective reports, which
showed a marked reduction in cognitive load and a clear, stepwise
improvement in system usability.

The initial improvements in performance and usability appear to
stem from the representational capacity of the hypergraph. By encod-
ing prerequisite relationships and a hierarchically consistent workflow,
the hypergraph model constrains the set of possible actions in a way
comparable to hierarchical task planning [2,4, 11, 16], thereby poten-
tially reducing procedural errors that necessitate rework. This structural
enforcement may help explain the observed decrease in dwell time
within the physical assembly area and the reported reduction in cogni-
tive load, as participants were guided along a validated, logical path
without split-attention redundancy [9,46]. These benefits are reflected
in the improved ratings as enhanced user acceptance. However, this
added clarity was not without an apparent cost. As hypothesized (H1.3),
the explicit presentation of sub-assemblies and stage transitions was
associated with more frequent attentional shifts in the hypergraph-only
condition, suggesting a cognitive overhead involved in mapping the
abstract structure to the physical workspace. This observation is con-
sistent with related work [30], suggesting that while exposing users
to a task’s causal hierarchy can improve objective task outcomes, it
may also impose a higher initial processing cost, highlighting a ten-
sion between representational expressiveness and immediate cognitive
accessibility.

The LLM-mediated narration layer appeared to function as a medi-
ating component, reconfiguring the cognitive and attentional dynam-
ics. Its primary contribution seems to be the semantic reorganization
of the algorithm-optimal path into ergonomically coherent chunks.
By clustering steps based on tool usage and component locality, the
LLM-mediated narration was designed to minimize the need for dis-
ruptive context switches, which ground instructions in physical affor-
dances [7, 11]. This is supported by the reduction in transition counts
within the assembly area from their peak in the hypergraph condi-
tion. The full method’s narratization also altered how information was
consumed. The dense, action-oriented textual instructions offered a
more efficient pathway for information acquisition compared to the
animated models. This reallocation of attention should therefore be
interpreted not as a transfer of cognitive burden, but as a shift to a
more direct mode of instruction. This, in turn, was accompanied by
the stepwise enhancements in usability and dimensions of immersion,
particularly Presence and Flow, suggesting the narration layer is an
important intermediary for translating a structurally sound plan into a
human-executable process.

To summarize, the findings provide nuanced answers to our research
questions. Regarding RQ1, the hypergraph representation was associ-
ated with a reduced perceived task difficulty (H1.1), and while objective
performance metrics showed a favorable trend, the statistical evidence
was not universally conclusive after correction (H1.2). The anticipated
attentional cost of this structural advantage was observed, supporting
H1.3. Inresponse to RQ2, the LLM-mediated narration optimized atten-
tional processes by guiding focus and alleviating the switching burden
introduced by the raw hypergraph (H2.1). These process-level refine-
ments translated into higher usability and immersion ratings, while
objective performance was maintained (H2.2). The evidence from this
study suggests a complementary relationship between the two core
components of our method. The hypergraph representation appears to
offer a structural foundation that ensures procedural correctness and
reduces baseline cognitive load. The LLM-mediated narration offers
potential ergonomic and experiential refinements that optimize the flow
of interaction.

7 LIMITATIONS AND FUTURE WORK

In this section, we discuss several limitations of our findings within the
context of our study and outline potential directions for future research.
Validation in Real-world Industrial Settings. While prior research

has often utilized simplified assembly tasks to minimize experimental
variables, our study targeted a complex assembly to induce cognitive
load, which is often underrepresented in simplified setups. However,
a limitation lies in our participant pool, which consisted primarily of
engineering students. In real-world industrial contexts, skilled opera-
tors often possess rich knowledge and may exhibit different cognitive
patterns compared to novices. As a result, the generalizability of our
findings to expert workers remains to be verified. Future work will
involve deploying the system in actual production environments and
recruiting experienced technicians to investigate how the system adapts
to users with varying levels of expertise.

Real-Time Adaptive Guidance. In the current implementation,
the LLM narration functions primarily as an offline content optimizer
validated via a Wizard-of-Oz experiment. This design was used to
ensure the internal validity of the experiment, allowing us to isolate
the effects of the narrative strategy from system-level artifacts such as
perception jitter or sensing latency. However, we acknowledge that
this limits the system’s ability to dynamically adapt to unexpected user
behavior or error recovery in real-time. Future work aims to evolve this
framework into a full system. We plan to integrate a vision-based 6D
pose tracking module grounded in the assembly hypergraph to enable
real-time state awareness. Furthermore, recognizing the challenges
of edge computing, we will investigate guidance strategies to ensure
stable instruction delivery during high-load inference periods.

Scalability to Complex Scenarios. Another area worth exploring is
the system’s scalability across other industrial operations. First, regard-
ing experimental design, the current study relied on a single assembly
task. Although we employed a counterbalanced design to mitigate
ordering effects and statistical analysis showed no significant order
effects, potential residual learning effects and the specific nature of
the chosen task may limit the immediate generalizability of our find-
ings. Future investigations will prioritize diverse assembly scenarios
to validate robustness. Second, from a technical perspective, the cur-
rent framework effectively optimizes discrete rigid body kinematics
but faces structural limitations when scaling to spatially continuous
operations, such as electrical routing or fluid application, as noted in
the constraints of our A* cost function. We envision evolving the data
structure towards a geometry-centric hypergraph grounded with the
3D model, thereby enabling the path planning algorithm to support
mixed-domain constraints and non-rigid assembly procedures.

8 CONCLUSION

In this work, we proposed a novel AR assembly guidance framework
that synergizes a semantically enriched hypergraph with an LLM-
mediated narration workflow. By formalizing assembly tasks into hyper-
graphs, our method explicitly captures complex procedural constraints
often missed by conventional liaison graphs. We further employed a
structured LLM agent pipeline to translate rigid assembly paths into
ergonomically fluent narratives, effectively bridging the gap between
algorithmic logic and human cognitive needs. An IRB-approved within-
subjects user study demonstrated that this approach was associated with
significantly reduced cognitive load and enhanced usability and immer-
sion compared to baselines, while maintaining high task performance.
These findings support the potential of using LLMs as a semantic me-
diation layer for complex AR instructions. Future work will focus on
building real-time systems, and extending the framework to contribute
towards a standardized engineering language for AR guidance.
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