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Abstract Internal information sharing in manufactur-
ing remains constrained by data silos, heterogeneous
systems, poor data quality, and limited interoperabil-
ity across ISA-95 levels. While Large Language Models
(LLMs) are increasingly proposed for manufacturing in-
formation access and for integrating information with
operational technology, there is limited empirical ev-
idence comparing their performance with unassisted
human users on representative manufacturing tasks.

This paper evaluates a modular LLM-based multi-
agent system for retrieving and synthesising information
across heterogeneous data sources from a 3D-printing
factory demonstrator. The system was benchmarked
against human participants on traceability and certifica-
tion processing tasks involving packing lists, relationship-
tracking records, machine logs, location-tracking data,
and Authorised Release Certificates. Three task types
under four data-quality conditions were tested, including:
unaltered baseline data, whitespace injection, truncated
identifiers, and severed relational links.

Under the bounded experimental conditions, the
highest-performing LLMs achieved higher mean accu-
racy and shorter completion times than the average
unassisted participant, with Claude Sonnet-4 achieving
94.1% mean accuracy compared with 62.2% for humans.
However, this advantage was conditional: some smaller
models fell below the human average, and the best hu-
man participants outperformed all models. The system
was robust to whitespace errors and severed relational
links, but vulnerable to truncated identifiers and verbose
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prompt scaffolding. These findings indicate that multi-
agent LLM systems can support bounded manufacturing
information-access tasks as a decision-support layer, but
require careful model selection, data validation, prompt
design, and human oversight.

Keywords Large Language Models - Multi-Agent Sys-
tems - Internal Information Sharing and Access - Smart
Manufacturing - Retrieval-Augmented Generation -
Data Quality

1 Introduction

Modern manufacturing enterprises confront escalating
complexity driven by rapid technological advances, dis-
rupted global supply chains, and increasing international
competition [I]. Seamless internal information sharing
within manufacturing companies is a key enabler of In-
dustry 4.0 and Industry 5.0. This requires significant
internal integration between digital systems, which is
severely impeded by organisational data silos and het-
erogeneous digital systems [2].

The ISA-95 functional hierarchy (ANSI/ISA-
95.00.01; IEC 62264-1) provides the canonical reference
frame which describes the different levels of information
within a manufacturing business. ISA-95 partitions
manufacturing operations into five levels, each with char-
acteristic systems, data types, and operating time-scales
(Figure [1| shows a reproduced example) [3].

Level 0 focuses on the physical production process:
machines and material flow. Level 1 is sensing and actu-
ation, with PLCs, barcode readers, and machine outputs
used to collect data from operations. Level 2 is the su-
pervisory control with SCADA and HMI systems often
sitting here, as well as higher-level multi-machine con-
trol. These Operational Technology (OT) layers (levels



Ngoc Bach Nguyen et al.

0, 1, and 2) are often well integrated in modern factories,
and many studies focus on collecting or extracting data
from machines for control [4 [5].

Level 3 focuses on manufacturing operations man-
agement, which often includes functions such as qual-
ity assurance, work order scheduling, compliance, and
certification documentation. Above this at Level 4 sit
enterprise-level functions and data, such as business
planning, financial modelling and supply chain planning.
These are referred to as the Information Technology (IT)
layers, and the most persistent integration challenge lies
between the IT and OT layers.

Information can be shared or transferred down or up
levels of ISA-95. For example, companies want to share
machine and tracking data collected on the shop floor
(levels 1 and 2) for use in MES software (level 3) [6].
Alternatively, there is a need to relay key measurements
from order information in ERP software (Level 4) to
shop floor operators setting up machines [7]. At the core
of these integration challenges is the need to process
and synthesise information across the OT/IT divides

Changes to architecture [9] or standardised interop-
erability connectivity layers [10] have been proposed as
possible solutions, but these require extensive changes
to existing software and systems. Furthermore, data
quality variations, such as extra characters or scanning
errors, regularly corrupt these records [I1], 12]; these
approaches do not address this issue, and further work
is needed to clean or preprocess the data before it is
useful internally.

Large Language Models (LLMs) have emerged as
a candidate solution for processing natural language
and unstructured data [I], but there is a pronounced
lack of empirical research quantitatively evaluating inte-
grated LLM systems against unassisted human users on
representative manufacturing information-access tasks
[13, [I4]. This study addresses that gap by empirically
evaluating a multi-agent LLM-based system against an
initial unassisted human baseline. The study aims to
address the following research questions:

Central Research Question: How effectively can a
multi-agent LLM-based system assist in retrieving
and synthesising data and information from systems
on different ISA 95 levels?

Sub-Question: How do specific data quality condi-
tions and task complexity affect the performance of
both LLM-aided and non-aided tasks?

The remainder of this paper is structured as follows.
Section [2| reviews internal information sharing barriers,
and the current state of LLM applications within manu-
facturing and this space. Section [3] presents the multi-

agent system architecture and the experimental design.
Section [ reports the comparative performance findings
across task complexity and data quality conditions. Sec-
tion [f] discusses results, deployment implications and
limitations, with Section [f] summarising future work.

2 Literature Review

This section reviews the literature on internal information-
sharing barriers in manufacturing and on current LLM
applications and system architectures, and identifies
the specific research gaps.

2.1 Internal Information Sharing and Access Barriers in
Manufacturing

Achieving seamless internal information flow across the
factory is fundamental to the agility and responsiveness
required for Smart Manufacturing [I5]. Many companies
have moved away from paper-based forms or informa-
tion already in manufacturing; however, three persistent
categories of barriers impede this flow: interoperability,
data quality or context, and information silos.
Interoperability is the most structurally entrenched
barrier. Manufacturing environments comprise heteroge-
neous mixes of automation equipment, ERP, MES, and
PLC systems that employ incompatible data formats
and lack standardised interfaces. For example, MES
software may lack the necessary APIs to receive raw
PLC data that has not been processed into the required
format. This forces manual data re-entry and reliance
on third-party middleware, such as Kepware or OPC
Router, which bridges PLC tag data into MES/ERP
schemas through hand-configured mappings |2l [16]. How-
ever, these configurations are brittle in the sense that
each new sensor, format change, or downstream con-
sumer typically requires manual remapping; they cannot
interpret unstructured artefacts (PDFs, operator notes,
free-text logs) and must be re-engineered when the un-
derlying schema shifts. Substantively identical findings
have emerged across more than three decades of liter-
ature [2, 8, [I6H20], reflecting the intractability of this
class of problem rather than a lack of awareness or effort.
Data quality or a lack of data context presents a
second critical challenge. Poor quality and inconsistency
are prevalent across lots of different types of manufac-
turing data [2, [[1l 21I]. Poor data quality can manifest
in many ways. Common factors considered include time-
liness (is the data there when needed), accuracy (does
the data have errors), consistency (is the data in the
same format or structure each time), and completeness
(is there data missing) [I1], 22]. Lastly, data must retain



LLM Multi-Agent Systems for Manufacturing Information Access 3

LEVEL FUNCTIONAL

DOMAIN

& EXAMPLE SYSTEMS TIME HORIZON

L4

ERP - MRP - Sales forecasting

Business Planning & Logistics

Manufacturing Operations Management

Months

STUDY SCOPE
Levels 1 -3

PLCs - Sensors - Actuators -

LO

Equipment - Machinery - Workpieces

RFID readers

Physical Production Process

L3 Days — Weeks
MES - Quality - Traceability - FAA 8130-3 ARCs
oT / IT BOUNDARY
Operational Technology / Information Technology — vertical integration challenge
Lz Supervisory Control & Monitoring Seconds — Hours
SCADA - HMI - Batch control
Ll Sensing & Control Devices Milliseconds — Seconds

Continuous (real-time)

Fig. 1 ISA-95 functional hierarchy (ANSI/ISA-95.00.01; IEC 62264-1). The standard partitions manufacturing operations into
five levels, each with its own characteristic systems, data types, and time scale. The diagram highlights the IT/OT barrier in

orange, which this study focuses on.

their intended meaning; for example, a stream of num-
bers without context for what they relate to has no use
[16, [17].

Informational silos form a third major barrier, which
can be caused by technical or organisational structures.
Functional departments develop domain-specific vocabu-
laries and optimise local performance without adequate
regard for system-wide integration, with information
typically handed off in fixed batches between functions
such as design, maintenance and production rather than
shared as a continuous, queryable record [I7]. This pro-
duces chronic information silos between planners, de-
signers, and shop-floor operators, and has been shown
to have direct, measurable negative effects on both op-
erational and business performance [I7, [19].

2.2 LLMs and Agentic Architectures in Manufacturing

Advances in transformer-based Large Language Mod-
els have opened new avenues for addressing common
data challenges that traditional software cannot re-
solve [15] 23]. Three architectural patterns now domi-
nate the literature: standard Retrieval-Augmented Gen-
eration (RAG), agentic and multi-agent frameworks,
and grounded hybrid architectures (knowledge-graph

or cognitive-architecture overlays). Table [1| groups the
identified studies by these three architectural groups
and by the ISA-95 levels they primarily address.

RAG grounds LLM outputs in curated domain doc-
uments to reduce hallucination and improve factual
consistency [24] 25]. Kernan Freire et al. [24] deploy
RAG over factory manuals and SOPs and evaluate via
user perception surveys at the operations-management
level. Wellsandt et al. [26] extend this pattern to a con-
versational assistant over internal documents. Liu et al.
[25] combine RAG with LLM-based named entity recog-
nition for the additive-manufacturing process and to
answer questions about documents. In all these studies,
the document set is known and indexed in advance of
queries to the LLM, meaning new documents or data
need to be integrated before use. Evaluations are also
focused on metrics such as precision and recall or on
expert scores, rather than on comparisons with human
operators.

Generic foundation LLM models lack the specialised
vocabulary and procedural knowledge of a given factory,
and are prone to confidently hallucinating plausible-
sounding but incorrect outputs in response to domain-
specific queries. A second cluster of architectures explic-
itly addresses this by constraining LLM reasoning to a
curated ontology represented as a knowledge graph. Ma
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et al. [27] propose a fault-diagnostic pipeline in which
a knowledge graph constrains LLM reasoning to verifi-
able maintenance decisions, mitigating hallucination and
black-box deployments. Fan et al. [28] apply the same
grounding pattern in metal additive manufacturing.

A third cluster of recent work in manufacturing shifts
from passive retrieval to agentic orchestration, in which
LLMs leverage zero-shot and few-shot reasoning to drive
multi-step autonomous workflows [29] [30]. Zhao et al.
[31] demonstrate a five-module agent architecture (Ma-
chine Server, Bid Inviter, Bidder, Thinking, Decision
agent) in which LLM-driven agents negotiate task allo-
cation across shop-floor machines and reduce makespan
compared with classical heuristics. Huang et al. [32] ap-
ply locally hosted LLMs for scheduling in human-robot
collaborative flexible manufacturing systems. Ni et al.
[33] transform user descriptions into structured manu-
facturing task flows via task splitting, step generation,
and holistic process synthesis. Elbasheer et al. [34] use
a similar pattern to enable conversational generation
of executable simulation models. The agentic paradigm
extends upstream into engineering design as well: Guo
et al. |[35] position the LLM as an autonomous collabo-
rator that plans, executes, and adapts computer-aided
engineering (CAE) workflows. These works collectively
begin to push LLM use across both upper enterprise,
shop floor and manufacturing execution layers, but are
often constrained to one layer. Evaluations against a
domain-internal yardstick (makespan, schedule quality,
simulation fidelity, solver fidelity) rather than against
human performance.

From Table[] there are two studies which cross L2 to
L3 [31,[32]. Both studies use multi-agent LLM systems to
process shop-floor data as input for agent-based schedul-
ing. However, challenges like interoperability, poor data
quality, and information silos are not accounted for.
Other studies predominantly focus on processing manu-
facturing operations documents at 1.3 or planning and
ordering documents at L4. Secondly, the table highlights
a lack of comparison between human operators and LLM
systems.

2.3 Identification of Research Gaps

These three key gaps are noted in the literature, which
directly motivate this study:

Gap 1: Neglect of lower ISA-95 levels. Research has
concentrated on Levels 3-4, with fewer studies looking at
data from L2 to higher levels (L3 and 4). Communication
within lower levels (L1-L2), where raw, unprocessed
shop-floor data reside, also remains underexplored [2]
16].

Gap 2: Lack of empirical human benchmarking.
Quantitative evaluations comparing the performance
of integrated LLM systems against unassisted human
baselines in representative manufacturing workflows are
absent. Existing studies either evaluate isolated Nat-
ural Language Processing (NLP) components or rely
on qualitative perception metrics, stopping short of
operationally grounded, head-to-head performance com-
parisons [14] 24] [36].

Gap 3: Data quality errors are untested. Man-
ufacturing data is notoriously imperfect [11]. Yet no
study reviewed above empirically evaluates LLM system
performance under variable data quality conditions. The
quantitative impact of data corruption on the accuracy
of automated retrieval and synthesis is therefore un-
known, thereby constraining confidence in the viability
of real-world deployment [12].

This study targets these three gaps by deploying a
multi-agent LLM system on heterogeneous, cross-level
manufacturing data (Levels 1-3) and benchmarking it
against an unassisted human-participant baseline across
four controlled data quality conditions and tasks.

3 Methodology

This section outlines the methodology used in the study,
including the demonstrator used to collect data, the de-
veloped multi-agent LLM system, and the experimental
process.

3.1 Demonstrator Factory Operations

The Variable Organisation and Operations Management
(VOOM) Smart Factory Demonstrator is a research-
grade demonstrator of a discrete-manufacturing produc-
tion line, designed to reproduce multiple interacting
smart factory sites [37]. Data collected over one day
of operation at the 3D-printing factory, producing 100
parts from ten 3D printers, was used. Figure [2] shows
an overview of the factory facilities and the different
stations.

The factory had a basic manufacturing execution
system (MES) for handling and scheduling orders on the
shop floor. Alongside this, tracking systems monitored
when parts or items entered a location and which items
were added or linked to others, using barcode scanners.
Other digital solutions for monitoring, power use, op-
erator activities, and quality issues were also available,
but these were not used in this study.

Figure [3] shows a Business Process Modelling No-
tation (BPMN) diagram for the 3D printing factories’
operations, information systems, and flow. The various
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Table 1 Representative LLM System Architectures in Manufacturing Research, grouped by architectural pattern. Within each
pattern, the ISA-95 level addressed and the evaluation approach are recorded; the final row situates the present study against

the cohort.
Architecture Reference Data Type Evaluation Method Related Human com-
used Used ISA-95 parison
Level
Standard RAG 124] Manuals, SOPs  User perception survey L3 Palirtial (quali-
/ fixed-corpus (unstructured) tative)
. [26] Internal docu-  Conceptual / expert L3-1L4 No
retrieval -
ments review
[25] AM process Precision/recall, F1 L3 No
literature (text)
[14) Structured pro- User acceptance study L3-14 Qualitative
cess data only
[31] Machine state, = Makespan vs. classical L2-L3 No
Agentic / multi- job descriptors  heuristics
agent [32] Schedule + dis- Schedule quality bench- L2-L3 No
ruption events mark
[33] Natural- Process-flow conformity — L3-L4 No
language task
descriptions
[34) NL planning Simulation-model fi- L3-L4 No
specifications delity
[35] Parametric Solver fidelity / reduced- L3 No
PDEs, CAE order model accuracy
specs
Grounded hy- 127] Maintenance Diagnostic accuracy vs. L3 No
brid (KG / logs. + KG KG gr.ound truth
o [21] Maintenance Precision/recall vs. anno- L3 Annotator
cognitive) 1 .
ogs (unstruc- tators comparison
tured)
[36] Quality /defect ~ Fl-score benchmark L3 No
reports
[28] AM literature + Retrieval quality vs. L3 No
KG, MR inter-  vector/graph baselines
face

tasks and collected information are broken down into
ISA-95 levels. Within this study, there are five key types
of data collected by the factory used:

1. Location Tracking Data: This data is collected
by scanners and software on the shop floor at set
locations or states in production. Data is stored in
an SQLite database and exported to CSV files for
the study.

2. Relationship Tracking Data: This data is col-
lected by scanners and software on the shop floor
and records when two items are linked, such as ma-
terial onto a printer or product gears into an order.
Data is stored in an SQLite database and exported
to CSV files for the study.

3. Packing list documents: When an order is created,
the MES generates a packing list that includes the
order number and the quantity of parts to pack in
the final order. These are stored as PDFs.

4. Machine logs for printers: The printer API is
used to extract data on the parts produced and job
completion times. Data is stored in an SQL database
but exported to CSV files for the study.

5. Authorised Release Certificate: This document
is generated automatically by the MES upon confir-
mation that the part has been made by shop floor
operators. These are stored as PDFs.

This data was chosen because it spans different levels
of the ISA-95 structure, and currently, these sources of
information are all kept separately in different software
or storage systems. The formats also vary depending on
the software used to collect the data.

3.2 Multi-Agent LLM System Architecture

To process heterogeneous manufacturing data from dif-
ferent systems, a modular multi-agent system was devel-
oped based on the LangChain framework [38]. Rather
than a monolithic RAG implementation, the system
employs adaptive RAG combined with specialised tool
usage, building on prior adaptive retrieval work [39] 40].
Adaptive RAG allows the system to determine dynam-
ically which data sources to traverse in response to a
given query, without pre-loading experimental data prior
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Fig. 2 Diagram showing a plan view of the VOOM 3D printing factory set up.

to evaluation (as in traditional RAG). This gives the
system better adaptability to new data or information.
The architecture decomposes complex queries across
four specialised agents, illustrated in Figure [4}

— Master Agent: Orchestrates the complete work-
flow. Parses the user query, formulates a step-by-step
execution plan, delegates tasks to specialist agents,
and triggers re-planning when critical issues arise.

— Data Retrieval Agent: Interfaces directly with the
raw factory data sources via a domain-specific Tool
Suite providing functions for data retrieval, entity
lookup, and relationship mapping [41].

— Reconciliation Agent: Cross-validates retrieved
information from disparate sources and resolves con-
flicts. Critical issues trigger iterative re-planning by
the Master Agent.

— Synthesis Agent: Generates the final human-
readable report from validated data, using role-
based prompting and structured stepwise reasoning
prompts to support interpretable outputs ﬂzﬁﬂ

The modular design allowed the underlying foun-
dation model to be substituted without architectural
changes, enabling systematic benchmarking across six
LLMs from three providers: Anthropic (Claude Sonnet-
4, Claude Haiku), DeepSeek (DeepSeek Reasoner,
DeepSeek Chat), and OpenAI (O4-Mini, GPT-40
Mini). This selection spans standard and advanced
reasoning models available at the time of the study in
2025.

3.3 Experimental Process
3.8.1 Tasks and Complexity

The core experiment of this study focused on getting
humans and the agent-based LLM system to complete
tasks using the data and information collected in VOOM.
Three different complexity tasks were designed in col-
laboration with the 3D Printing lab operators, designed
to replicate the kind of questions a factory manager
might want to answer with their data. Task complex-
ity is defined in this study by the number of discrete
look-up steps an operator must perform across the het-
erogeneous data sources to assemble the answer. The
tasks were:

1. E-Tasks (3 operator steps): Information re-
trieval about parts IDs. “For Packing List [ID],
identify all associated gears.” Steps: (1) Locate the
PDF packing list and extract the Order ID; (2) fil-
ter a relational CSV for that Order ID; (3) list the
associated part identifiers.

2. M-Tasks (4 operator steps): Trace other parts
made of a machine “For Part ID [ID], identify the
3D printer that produced it, and count the total num-
ber of parts printed on that machine today.” Steps:
(1) Locate the part in the relational CSV; (2) read
off its printer assignment; (3) query the machine-log
CSV with that printer ID; (4) count rows.

3. H-Tasks (6 operator steps): Complex data
verification. “For Order ID [ID], verify that the
completion date on the Authorised Release Certifi-
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into ISA-95 levels. Information used in this study is shown in different colours, including the machine logs (yellow), ARCs
(orange), packing list (purple), relationship or linking tracking data (blue) and location tracking system (green).

cate matches the date the order arrived at the Parts
Warehouse.” Steps: (1) locate the corresponding ARC
PDF; (2) extract the certified completion date; (3)
locate the order in the location-tracking CSV; (4)
filter for the warehouse-arrival event; (5) extract the
arrival timestamp; (6) compare the two dates.

Performance in each task was recorded on two

primary metrics: binary accuracy (correct/incorrect,
scored algorithmically against the script-generated refer-
ence answer) and task completion time (recorded to

the nearest second by the researcher using a stopwatch

or outputted from the LLM APT interface).

3.8.2 Data and Quality Conditions

Common data quality issues

were simulated by adding

random errors to the original dataset. Four different

data conditions are created:

QO (Baseline): Uncorrupted operating data; the
reference condition.

Q1 (Whitespace Injection): inserts random space
characters into barcode identifiers (e.g., 3DOR100081
— 3D 0R100081). This mimics scanning or data-
entry errors; as a result, an exact string match
against a clean record fails.

Q2 (Truncated Identifier): removes characters
from identifiers (e.g., 3DOR100081 — 3DR100081).
This mimics data truncation, which could happen in
transit between systems.

Q3 (Severed Relational Link): Removes one di-
rection of a bilateral parent—child relational map-
ping. The other direction of the link still exists, so
the underlying record is not strictly absent, but the
forward-direction lookup that the operator would
normally use returns no results, forcing an indirect,
reverse-direction inference.
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Fig. 4 Multi-agent LLM system architecture as a UML sequence diagram. Lifeline heads at the top are objects only: :0perator,
:MasterAgent, :LLMProvider, :DataRetrievalAgent, :ReconciliationAgent, :SynthesisAgent. The loop frame covers the
iterative retrieval over each step in the execution plan; the alt frame shows the re-planning path that re-enters at message 02

when the Reconciliation Agent detects a critical issue.

It should be noted that all errors (Q1, Q2 and Q3).
Would cause issues and disrupt a fixed deterministic
system or pipeline currently used in many digital sys-
tems. For example, if MES and an ERP system were
sharing data with incorrect ID, white spaces or missing
links, this would prevent accurate answers or processing
within the software.

3.8.8 Human Participant Study

The human-participant study was conducted with nine
participants (n = 9), recruited from the engineering
student population at the University of Cambridge’s De-
partment of Engineering, with general technical literacy
but no prior operational experience with the VOOM
environment or its data sources. Before each session, ev-
ery participant received a short standardised briefing of
approximately 15 minutes covering VOOM’s operations

and the data collected; the format of the data and the
contents of each data source; the file-system structure
for locating the data; and a worked example of one task
per complexity tier. Participants used only standard
desktop tools with a search function (e.g., file explorer,
Excel spreadsheet viewer, PDF viewer, text search) to
perform the tasks; no specialised middleware or query
tools were provided.

Before the main study, a pilot test with two non-
participant volunteers was used to confirm that the task
wording was clear and assignments could be completed
even with data errors added.

A counterbalanced design was used to ensure
each participant had a variety across task type and data
quality condition [43]. Each participant completed 10
tasks; the order of task type (E/M/H) and data quality
condition (Q0-Q3) was rotated across participants in
three groups of three, so that no single position in the
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sequence was disproportionately associated with any
type or condition. Across the 90 participant-tasks, the
allocation was 45 tasks under Q0 (Baseline with no
error) and 15 tasks each under Q1, Q2, and Q3, and 30
tasks each of E-, M-, and H-types. The counterbalancing
equalises type and condition independently, although
their interaction is not fully crossed (addressed in Section

B).
8.8.4 LLM Implementation

The multi-agent system subsequently executed the same
90 tasks as the human participants, using standardised
short prompts (Table , to keep the comparison with
the human-participant study as consistent as possible.
To support reproducibility and account for stochastic
variation in LLM outputs, each task was executed three
times per model. The raw binary outcomes from these
repetitions were retained for inferential modelling, while
per-task means across the three runs were used for de-
scriptive tables and figures. This yielded 270 evaluations
per model (90 tasks x 3 repetitions). Extending this
across all six LLMs produced 1,620 LLM evaluations in
total.

To assess the system’s sensitivity to prompt scaf-
folding, a secondary experiment tested the three top-
performing models (Claude Haiku, Claude Sonnet-4,
DeepSeek Reasoner) under three prompt-length condi-
tions, in which the task being asked was kept identical
and only the surrounding descriptive scaffolding was
expanded:

— Short — the prompt template used in the main study:
a one-line task statement followed by three numbered
procedural steps and no surrounding context (36—
67 tokens across the E/M/H task types and the
base/data-quality variants).

— Medium - the same task wording, wrapped in a la-
belled CONTEXT sentence, a longer REQUIRED STEPS
list (4-7 numbered items depending on task type and
variant), and an explicit OUTPUT FORMAT specifica-
tion (104-195 tokens; Medium/Short ratio 2.4-3.4x,
mean 2.9%).

— Long — the Medium scaffolding plus two fur-
ther labelled sections (DATA SOURCES AVAILABLE
listing the five VOOM trails, and VALIDATION
REQUIREMENTS or SUCCESS CRITERIA listing cross-
source checks) (138-371 tokens; Long/Short ratio
2.1-6.9x, mean 4.8, with the upper end driven by
an addition of explicit data-source enumeration).

Each condition preserves the underlying lookup re-
quired by the question and the correct answer; the ad-
ditional length comes from the labelled CONTEXT, the

expanded REQUIRED STEPS list, and the cross-validation
requirements introduced in Medium and Long. The
full Medium and Long prompt templates for each task
type are provided in Appendix (Tables [§| and @
Each model was tested on nine representative tasks per
prompt-length condition, spanning all three task types
(E/M/H) and data-quality conditions; Short-condition
results for these nine tasks were reused from the main
study; only the Medium and Long conditions were newly
executed. This sub-study is intended as an indicative
probe of prompt-length sensitivity on the multi-agent
system rather than a confirmatory result.

3.8.5 Statistical Analysis

Accuracy was recorded as a binary outcome for each task
attempt (correct/incorrect), and completion time was
recorded in seconds. Welch’s t-tests [44], Mann—-Whitney
U-tests [45], and one-way ANOVA [46] are retained as
supplementary descriptive comparisons because they are
readily interpretable and allow comparison with con-
ventional benchmarking studies. However, these tests
should be interpreted with caution because they do not
fully represent the repeated task—model and participant
structures. Effect sizes are reported alongside signifi-
cance: Cohen’s d for pairwise comparisons and n? for
ANOVA-style summaries [47], with the conventional
small/medium /large thresholds of 0.01/0.06/0.14 for n?
and 0.2/0.5/0.8 for d.

Completion time was strongly right-skewed for sev-
eral LLMSs, especially where a small number of long-
running responses inflated the mean. For this reason,
both mean and median completion times are reported.
Pairwise comparisons of time used Mann—-Whitney U-
tests [45] alongside Welch’s t-tests [44].

API token consumption and associated costs were
tracked per model to support the cost analysis in Section

4 Results

This section reports the comparative findings across
three task complexity levels (E, M, H) and four data
quality conditions (Q0-Q3). Section reports overall
accuracy and completion time and sets out the per-
model results. Sections [I.2] and [.3] then report the effect
of task complexity and data quality, respectively, and
Section [£.4] reports the prompt-length sub-study.

In this section, ¢ denotes the Welch’s t-test statistic,
d denotes Cohen’s effect size, and U denotes the Mann—
Whitney U statistic. Statistical significance is indicated
by p values, with p < 0.05 treated as significant.
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Table 2 Short Prompt Templates by Task Type

Type

Prompt Template

E Find all gears for Packing List {packing list id}.
Steps: (1) Get Order ID from the packing list. (2)
Find all gears for that order. (3) List the gears.

M For Part {part_id}, find which printer was used and
count the total parts on that printer. Steps: (1) Find
the printer for this part. (2) Count all parts printed
on that printer. (3) Report printer and count.

H For Order {order id}, check if the ARC document
date matches the warehouse arrival date. Steps: (1)
Find the ARC document date. (2) Find warehouse
arrival date. (3) Compare dates and report match

status.

4.1 Overall Accuracy and Completion Time

Under the study conditions, the top-performing LLM
models achieved higher accuracy and shorter completion
times than the average unassisted human participant.
Per-model figures are summarised in Table 3] and av-
erage model performance versus human performance is
shown in Figure[5} The mean accuracy across all six LLM
models was 80.2%, compared with 62.2% for human par-
ticipants, a difference of 18.0 percentage points. A sup-
plementary Welch comparison on the per-(task, model)
means indicates that this difference is statistically sig-
nificant (Welch’s £(103.1) = 3.37, p = 0.001, Cohen’s
d = 0.50, medium effect; nyv = 540 vS. Nhuman = 90).
The result does not imply that all LLM configurations
outperformed all humans. GPT-40 Mini achieved 50.7%
accuracy, below the human average, and the best human
participant achieved 100% accuracy, exceeding the best
LLM model in this benchmark (DeepSeek Reasoner at
97.4% and Claude Sonnet-4 at 94.1%).

LLMs were also faster overall. The pooled-mean and
pooled-median completion times tell complementary
stories: the pooled mean across the raw 1,620 LLM
observations is 52s, compared with 166s for the 90
human observations (supplementary Welch’s ¢(96.6) =
—11.66, p < 0.001); the corresponding pooled medians
are 14s versus 152s (Mann-Whitney U = 19,090, p <
0.001). Both statistics are reported because the LLM
time distributions are right-skewed (Table; the largest
mean-vs-median gap is GPT-40 Mini (88s mean vs. 9s
median), driven by a small number of long-running
outliers that inflate the mean.

The wide range of values for human participants in
Figure [5] warrants closer examination. Figure [6] plots
each participant’s mean accuracy against mean comple-
tion time, revealing substantial individual differences:
two participants (P4, P9) achieved 100% accuracy at
below-average completion times, while two others (P2,
P8) achieved only 30%. Participant familiarity with

manual search strategies, spreadsheets, PDFs, and the
task structure was not independently measured, so this
variation should not be overinterpreted. It does, how-
ever, show that the human baseline was heterogeneous
and that the LLM advantage is relative to the average
unassisted participant rather than to every human user.

4.2 ITmpact of Task Complexity

Figure [7] shows the results across different task types.
Human participants and several top-performing LLM
models had the lowest accuracy on E-type tasks (with
three operator steps) and higher accuracy on the nom-
inally more complex M- and H-type tasks (see Figure
). This is the reverse of the assumption embedded
in the task design that step count would be a reliable
proxy for difficulty. Within this benchmark, step count
alone was therefore not a reliable indicator of task diffi-
culty. A similar counter-intuitive result is visible in the
completion time in Figure b), where both humans and
LLMs were faster on H-tasks than on E-tasks.

Restricting the analysis to the uncorrupted Q0 subset
alone preserves the pattern (E = 50.0%, M = 66.7%, H
= 77.8%), so the reversal is not an artefact of the data
condition.

A supplementary ANOVA-style comparison on the
LLM per-task means showed that the multi-agent sys-
tem held its accuracy roughly constant across task types,
with no evidence of a significant performance change
(F(2,537) = 0.118, p = 0.889, n? < 0.001). Top mod-
els such as DeepSeek Reasoner and Claude Sonnet-4
achieved mean accuracies of 100.0% and 97.8%, respec-
tively, on H-type tasks, demonstrating the high accuracy
possible with LLMs in this bounded task setting. Per-
model accuracy and completion time by task type are
reported in Tables [4] [B] and [6} both metrics are also
visualised in Figure [7]
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Table 3 Overall accuracy and completion time compared with human participants. Models are grouped by provider family
(DeepSeek, Anthropic, OpenAl). Both Mean and Median completion times are reported. Bold values mark the top three across

the cohort for each of the accuracy and time metrics.

Family Model Accuracy | Mean Time (s) | Median Time (s) Acc. supp. test Time supp. p
- Human Participants 62.2% 166 152 — —
DeenSeck DeepSeek Reasoner 97.4% 160 146 t=6.63***,d=0.99 p=0.580 (ns)
P DeepSeek Chat 77.4% 30 24 t=242% d=0.36 p<0.001***
Anthropic Claude Sonnet-4 94.1% 14 14 t=>5.67"** d=0.85 p<0.001***
P Claude Haiku 93.0% 8 7 t =5.36"**, d = 0.80 p<0.001***
OnenAl | O4Mini 68.5% 10 10 t =096 (ns), d=0.14 p<0.001°
P GPT-40 Mini 50.7% 88 9 t=—1.85 (ns),d = —0.28 | p<0.001%**
(a) Accuracy (b) Completion Time
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Fig. 5 Boxplot comparison of (a) accuracy and (b) completion time between human participants and LLM models.

Table 4 Mean accuracy and per-cell Mean and Median com-
pletion time by group on E-tasks (3-step). Bold values mark
the top three in the LLM cohort for each metric (accuracy,
descending; time, ascending). The human participant result
is included for direct comparison but is not part of the LLM
ranking. Rows ordered by accuracy descending within the
LLM cohort.

Rank | Model Accuracy | Mean Time (s) | Median Time (s)
- Human Participant 43.3% 186 174
1 DeepSeek Reasoner 93.3% 171 147
2 O4-Mini 86.7% 10 10
3 Claude Sonnet-4 85.6% 14 14
4 DeepSeek Chat 84.4% 29 20
5 Claude Haiku 81.1% 8 7
6 GPT-40 Mini 54.4% 97 9

Table 5 Mean accuracy and per-cell Mean and Median com-
pletion time by group on M-tasks (4-step). Bold values mark
the top three across the LLM cohort for each metric (accuracy
descending; time ascending). The human participant result
is included for direct comparison but is not part of the LLM
ranking.

Rank | Model Accuracy | Mean Time (s) | Median Time (s)

- Human Participant 63.3% 179 182
1 DeepSeek Reasoner 98.9% 174 174
1 Claude Sonnet-4 98.9% 15 15
3 Claude Haiku 97.8% 8 7

4 GPT-40 Mini 65.6% 79 7

5 O4-Mini 62.2% 10 10
6 DeepSeek Chat 52.2% 31 23

4.3 Resilience to Data Quality Degradation

Data-quality condition produced a measurable shift in
LLM accuracy. In the supplementary ANOVA-style com-

Table 6 Mean accuracy and per-cell Mean and Median com-
pletion time by group on H-tasks (6-step). Bold values mark
the top three across the LLM cohort for each metric (accuracy
descending; time ascending). The human participant result
is included for direct comparison but is not part of the LLM
ranking.

Rank | Model Accuracy | Mean Time (s) | Median Time (s)

Human Participant 80.0% 134 98

1 DeepSeek Reasoner 100.0% 135 133

1 Claude Haiku 100.0% 8 8

3 Claude Sonnet-4 97.8% 13 13

4 DeepSeek Chat 95.6% 31 26

5 0O4-Mini 56.7% 10 10

6 GPT-40 Mini 32.2% 87 10

parison on per-task means, the hypothesis that mean
LLM accuracy was the same across all four data-quality
conditions was rejected (F'(3,536) = 15.96, p < 0.001,
n? = 0.082, medium effect). The same test in the human
cohort failed to reject the null hypothesis (F(3,86) =
1.06, p = 0.370, n2 = 0.036). This should not be inter-
preted as evidence that humans are unaffected by data
quality; rather, the small number of human observations
per corrupted condition (n = 15) limits the power of
this comparison. The main descriptive pattern is that
truncated identifiers caused the clearest degradation,
particularly for LLM retrieval.

Neither the LLM nor the human completion-time
distribution showed a data condition linked change
(p = 0.389 and p = 0.621, respectively). Per-condition
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Fig. 6 Individual participant average accuracy and completion time performance across their 10 tasks. The diamond marker
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Fig. 7 Mean (a) accuracy and (b) completion time by task type (E, M, H) for the human participants and all six LLM models.
Each bar is the mean across the per-(task, model) cells in that task type (n = 90 task observations per human; n = {30 easy,
30 medium, 30 hard} X 3 repeats per LLM). Per-model results are also reported in Tables @-@

performance is summarised in Figure [§| and detailed
below.

QO (Baseline). Under uncorrupted conditions, top
LLMs (DeepSeek Reasoner and Claude Haiku) achieved
100.0% accuracy, while human participants achieved a
mean of 66.7%. The QO gap establishes the reference
condition against which the corrupted conditions are
compared.

Q1 (Whitespace Injection). The top-3 LLMs
(DeepSeek Reasoner, Claude Sonnet-4, Claude Haiku)

maintained essentially 100% accuracy under Q1; per-
model Q0—Q1 accuracy change within +1.5 percentage
points (pp). Across all six models, the Q0—Q1 change
ranged from 16.3 % loss for O4-Mini to 1.5 % increase
for Claude Sonnet-4; none of these per-model differences
was significantly different (QO0 vs. Q1: paqj = 0.297).
Human participants showed a marginal increase in ac-
curacy to 73.3% under this condition compared with
66.7% under QO; this difference was not statistically
significant (Welch’s ¢ = —0.48, p = 0.633). This pattern
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Fig. 8 Mean accuracy by data quality condition (QO Baseline, Q1 Whitespace Injection, Q2 Truncated Identifier, Q3 Severed
Relational Link) for the human participants and all six LLM models. Each bar is the mean per task and model experiments.

is likely because the vectorisation used by LLMs is not
as vulnerable to extra white spaces as precise string
matching or searches would be.

Q2 (Truncated Identifier). This condition was
the most damaging across the four, producing per-model
accuracy drops of 12.6 to 42.2 percentage points relative
to QO; the cohort-level Q0—Q2 mean drop of 26.8 pp
was the largest observed degradation (supplementary
Tukey HSD post-hoc on the deduplicated n = 540 de-
scriptive cells: paq; < 0.001). Character deletion alters
the alphanumeric identifiers required for deterministic
data lookups, so exact-match retrieval becomes unre-
liable. Even under this condition, DeepSeek Reasoner
held 84.4% accuracy against the human participants,
which dropped to 53.3%.

This per-model gap of 31.1 % does not reach conven-
tional significance (Welch’s t = 2.06, p = 0.052, Cohen’s
d = 0.75), reflecting the wide spread of the n = 15 hu-
man Q2 observations. The cohort-level LLM-vs-human
Q2 difference is similarly not significant (p = 0.642), so
the Q2 condition narrows the LLM advantage to the
point where individual-model superiority is detectable
only with larger samples.

Q3 (Severed Relational Link). Removing one
direction of a bilateral relational link reduced human
accuracy to 46.7%, but top LLMs largely retained their
performance: DeepSeek Reasoner and Claude Sonnet-4
reached 100.0% and 97.8% accuracy, respectively. In
supplementary pairwise tests, both model differences
against the human participants were statistically signifi-
cant (DeepSeek Reasoner vs. human: Welch’s ¢ = 4.00,
p = 0.001, d = 1.46; Claude Sonnet-4 vs. human:
t = 3.78, p = 0.002, d = 1.38). At the cohort level,
LLM Q3 accuracy (80.7% across the n = 90) was also
higher in a supplementary Welch comparison than hu-
man Q3 accuracy (46.7%, n = 15): Welch’s ¢ = 2.47,
p = 0.025, d = 0.92. This is likely because LLMs per-

form a wide search of the data and can still find the
remaining link (even with one removed), whereas human
participants could not find the other link as easily or
assumed there was only one.

4.4 Sensitivity to Prompt Scaffolding

To probe a potential deployment sensitivity, a sub-
study tested the three top-performing models (Claude
Haiku, Claude Sonnet-4, and DeepSeek Reasoner) on the
Medium and Long prompt variants defined in Section
m (full templates in Appendix El) In brief: Short
is the one-line task prompt used in the main study
(36-67 tokens across the 42 unique (task, data-quality)
combinations the sub-study covers); Medium wraps the
same task wording in a labelled CONTEXT sentence, an
expanded REQUIRED STEPS list, and an explicit OUTPUT
FORMAT specification (104-195 tokens; Medium/Short
ratio 2.4-3.4x, mean 2.9%); and Long adds two fur-
ther labelled sections listing the available VOOM data
sources and the cross-source validation criteria (138-371
tokens; Long/Short ratio 2.1-6.9x, mean 4.8x). The un-
derlying question and correct answer were held constant
across the three conditions; only the descriptive scaf-
folding around the question expanded. The sub-study
involved nine tasks per model per prompt-length condi-
tion (54 prompt-length evaluations in total), a distinct
quantity from the nine human participants in the main
study. The reported numbers are intended as an in-
dicative probe of prompt-length sensitivity rather than
confirmatory findings.

Although short prompts yielded 93.0-97.4% accu-
racy across the three models, the introduction of more
verbose scaffolding was associated with a substantial
accuracy decline (Table[7). Claude Sonnet-4 exhibited
the largest single drop, falling from 55.6% (Medium)
to 22.2% (Long), a 33.3 percentage-point decline. For
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Table 7 Performance Breakdown by Prompt Length for Top
Three Models (Short-prompt results from the main 90-task
evaluation for comparison; Medium/Long results from a sepa-
rate 9-task sub-study per model per condition)

Model Prompt | Accuracy | Avg. Time (s)
Claude Haiku Short 93.0% 8
Medium 55.6% 8
Long 33.3% 7
Claude Sonnet-4 Short 94.1% 14
Medium 55.6% 11
Long 22.2% 13
DeepSeek Reasoner Short 97.4% 160
Medium 55.6% 222
Long 44.4% 451

DeepSeek Reasoner, the mean completion time roughly
doubled from 222 s (Medium) to 451 s (Long), due to
longer generated reasoning and reporting outputs.

A potential explanation is that tasks with a short
prompt ask "find printer, count parts," and get the right
answer. The same task with a longer prompt asks the
planner to go through a verbose, multi-step process; the
planner generates a fragile, multi-step plan consisting
of validation, cross-validation, and timeline-consistency
steps. One step in the longer generated plan could fail
to return meaningful context for the data or make a
false assumption, causing a cascade of failures through
the rest of the chain.

5 Discussion

The empirical results indicate a substantial advantage in
accuracy and completion time for the best-performing
multi-agent LLM configurations over average unassisted
human performance in this controlled study. This sec-
tion discusses the findings in relation to the literature,
examines the unexpected results, assesses economic vi-
ability, and reviews the deployment landscape and its
limitations.

5.1 Task Complexity Pattern

Mean accuracy rose as the number of task steps in-
creased: 43.3% on E-type (3 steps), 63.3% on M-type
(4 steps), and 80.0% on H-type (6 steps) for human
participants. This contradicts the assumption made dur-
ing task design that step count would be a reasonable
proxy for difficulty. The result should be interpreted
cautiously because task type, identifier structure, and
source format were not fully separable in the experimen-
tal design. Nevertheless, it suggests that manufacturing
information-access difficulty may depend less on the
number of procedural steps alone and more on other
factors such as search ambiguity and the structure of the
underlying data sources. This interpretation is consistent

with prior arguments that information silos and inter-
face friction, rather than analytical complexity alone,
are major drivers of human error in manufacturing data
workflows [2] [I7].

The LLM agent-based system showed only a mi-
nor, non-significant change in performance. The Master
Agent decomposes any query into a structured execu-
tion plan, so a three-step E-task and a six-step H-task
receive the same systematic treatment, and the operator
context-switching burden does not apply. Increasing the
number of steps to accommodate larger context windows
could degrade system performance, but this is less of an
issue as context windows grow for new models.

5.2 Resilience to Manufacturing Data Realities

Manufacturing data is notoriously imperfect [11]. Top
LLMs performed strongly across the data quality issues
introduced and were able to adapt when spaces were
added to identifiers (Q1) or when one direction of a
relational link was removed (Q3). However, LLM accu-
racy degraded sharply when identifiers were truncated
(Q2) and characters were missing. This asymmetry mir-
rors patterns reported in related LLM-on-noisy-data
studies in adjacent industrial domains, where retrieval
components fail abruptly under string-level corruption
while rule-based human checking degrades only gradu-
ally [1T, 12, 21].

Q2 (Truncated Identifier) was the most damaging
condition because character deletion alters the alphanu-
meric identifiers required for deterministic lookup. How-
ever, the vectorisation used by LLMs to store and pro-
cess data looks for similar characters, so most tasks
are still answered correctly. However, this could be an
issue when two similar IDs are present and mistaken for
one another (e.g., 3D1003 and 3D100), a condition not
tested in this study. Ma et al. [27] report a comparable
abrupt degradation in their LLM diagnostic pipeline
when maintenance-log identifiers are perturbed, indicat-
ing that the structural failure mode generalises across
studies.

5.3 Architectural Comparison to Prior Work

The architecture presented in this study diverges from
the predominant approaches in the literature in two key
respects. First, while existing manufacturing LLM de-
ployments predominantly employ standard RAG over a
fixed document corpus at Levels 3-4 [24] 26], the present
system employs adaptive RAG with real-time data inges-
tion, enabling it to operate without pre-indexed knowl-
edge bases. This is practically significant for environ-
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ments where data changes continuously, such as live
production logs.

Second, the decomposition into discrete Master, Data
Retrieval, Reconciliation, and Synthesis agents, informed
by agentic Al paradigms [29, [48], enables multi-step
reasoning and cross-system validation. The empirical
superiority on H-type tasks, where top models achieved
97-100% accuracy on six-step cross-document synthesis,
provides direct evidence of the practical utility of this
decomposition for the class of tasks that most closely
resemble real vertical integration challenges.

5.4 Economic Viability and Industrial Adoption

Beyond technical performance, the adoption of any in-
tegration technology requires a credible return on in-
vestment (ROI). The direct operational expenditure
(OpEx) for the LLM-based system is small compared
with that for human participants. Using per-task token
consumption from the evaluation logs, combined with
each provider’s published API list prices as of the exper-
imental period, mean per-task cost across the six models
is on the order of 102 USD; the cheapest configuration
(Claude Haiku) sits below $0.005 per task and the most
expensive (DeepSeek Reasoner under maximum-token
outputs) below $0.03 per task.

For comparison, the human participants’ OpEx is
estimated at $1.05 per task, benchmarked at a nom-
inal hourly wage of $22.82/hour for a manufacturing
quality-control inspector from the U.S. Bureau of Labour
Statistics 2024 [49]. The capital expenditure (CapEx)
for system development is estimated at $15,400, repre-
senting seven weeks of development at a nominal hourly
rate of $55/hour for a data scientist [49]. Assuming a
conservative operational volume of 100 queries per day
by the LLM (a plausible estimate given documented
query-intensive manufacturing workflows [16]), the di-
rect labour cost comparison yields a breakeven point of
approximately 13,400 tasks, or roughly six to seven work-
ing months. Beyond this horizon, the system’s negligible
per-task cost generates compounding savings relative to
the manual baseline. True deployment could be higher
with digital infrastructure and maintenance costs [26].

5.5 Limitations

The first limitation is that the human study relied on a
small sample of n = 9 participants drawn from the
engineering student population at the University of
Cambridge’s Department of Engineering. This group
has significant technical skills and familiarity with LLM
tools, but less industry and operations experience than

most factory operators. A larger replication with practi-
tioners drawn from manufacturing, quality, traceability,
or shop-floor populations would improve the generalis-
ability of the study results. Future studies should use a
larger set of participants and quantify different skill or
experience levels.

Secondly, participants encountered the data sources
used for the first time during the study. In a real de-
ployment, an operator would work with the same data
and system for weeks or months, gaining more experi-
ence with the data structure and therefore achieving
faster processing times. Future studies should investi-
gate longer-term use by having participants use the same
datasets over weeks or months.

Lastly, the evaluation was conducted using data from
a smart factory demonstrator (VOOM) [37] and tasks
devised by the authors and operators. Real manufactur-
ing data introduces greater volume and a wider range of
readings than this simulated factory does. The errors in
the data may also differ from those reported here and be
harder for the LLM system to overcome. Future research
should focus on deploying the multi-agent system used
here in a real-world manufacturing context, leveraging
operational data.

6 Conclusion and Future Work

This paper evaluated whether an LLM-based multi-
agent system can support internal information access
and sharing across heterogeneous manufacturing data
sources. The study was motivated by three gaps in the
existing literature: the limited empirical evaluation of
LLM systems at lower ISA-95 levels and crossing the
IT-OT divide, the lack of quantitative benchmarking
against unassisted human users, and the limited under-
standing of how data quality issues affect the use of
LLM-enabled systems in manufacturing.

To address these gaps, a multi-agent system com-
bining adaptive retrieval-augmented generation with
specialised data-access tools was developed and tested
using data from the VOOM 3D-printing factory demon-
strator. The system was evaluated for traceability and
certification tasks that required information to be re-
trieved and synthesised from tracking records, machine
logs, packing lists, and Authorised Release Certificates.
Its performance was compared with that of human par-
ticipants across different task types and under controlled
data-quality conditions.

The results show that, within the bounded task en-
vironment studied, high-performing LLM models can
substantially outperform the average unassisted human
participant in both accuracy and completion time. This
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indicates that multi-agent LLM systems have strong
potential as an information-access layer for manufac-
turing workflows, where users currently need to manu-
ally navigate fragmented documents, spreadsheets, and
databases.

However, the results also show that this advantage
is conditional. Performance varied considerably between
LLM models, with smaller models performing below the
average of human participants. The best human partici-
pants also achieved perfect accuracy, demonstrating that
LLM systems should not be viewed as a straightforward
replacement for skilled users or operators. Instead, the
findings support a human-centred deployment model in
which LLM-based systems act as decision-support tools.

The study also highlights important design impli-
cations for future manufacturing applications of LLMs.
First, nominal step-count was not a reliable proxy for
task difficulty. Shorter tasks involving apparently simple
identifier lookups yielded lower accuracy than longer ver-
ification tasks, suggesting that error-prone information
workflows may be driven more by interface fragmen-
tation and search ambiguity than by the number of
procedural steps. Second, the system’s robustness to
data-quality issues was uneven. It handled whitespace
errors and missing relational links well, but performance
declined more sharply when identifiers were missing
characters. Third, the prompt-length experiment showed
that additional context substantially reduced accuracy,
reinforcing the need for disciplined prompt design and
controlled input structuring in industrial deployments.

Overall, the study provides empirical evidence that
multi-agent LLM systems can support internal informa-
tion sharing and access in manufacturing.

Future work should extend this evaluation beyond
the controlled VOOM demonstrator to live industrial
datasets. Testing the system in an operational manu-
facturing environment would expose it to larger data
volumes, more varied data formats, access-control con-
straints, and less predictable information structures.
Studies with a larger number of participants should also
be conducted.

A second direction for future work is to examine
longitudinal human—AT collaboration. The present study
compared one-off human performance against system
performance, but did not evaluate how operators might
learn to use, challenge, or correct the system over time.
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Table 8 Medium-Length Prompt Templates by Task Type

Type

Prompt Template

E

Task: Find all gears for Packing List {packing list id}

CONTEXT: You are analyzing manufacturing data to identify gears associated with a specific packing list.
REQUIRED STEPS:

1. Locate the specified Packing List document

2. Extract the Order ID from the packing list

3. Use the Order ID to find all associated gears in the system

4. Provide a complete list of gears for the order

OUTPUT FORMAT:

— Order ID found; Total number of gears; Complete gear list; Any issues encountered.

Task: For Part {part id}, determine which 3D printer was used and count total parts on that printer.
CONTEXT: You need to trace a specific part back to its manufacturing origin and analyze printer utilization.
REQUIRED STEPS:

1. Identify the specific part in the tracking system

2. Trace the part to its assigned 3D printer through relationship data

3. Access machine logs to verify printer assignment

4. Count all parts printed on the identified printer

5. Validate consistency between data sources

OUTPUT FORMAT:

— Part ID confirmation; Assigned printer identification; Total parts count; Data source validation results.
Task: For Order {order id}, verify that ARC document completion date matches warehouse arrival date.
CONTEXT: You are performing compliance verification by cross-referencing manufacturing certification
documents with logistics tracking data.

REQUIRED STEPS:

1. Locate the ARC (Acceptance/Release Certificate) document for the order

2. Extract the completion/certification date from the document

3. Find the warehouse arrival timestamp in location tracking data

4. Compare the dates and determine if they match within acceptable tolerance

5. Assess compliance status and any regulatory implications

OUTPUT FORMAT:

— Order ID confirmation; ARC document date; Warehouse arrival date; Date match status; Compliance
assessment; Risk level evaluation.
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Table 9 Long-Length Prompt Templates by Task Type

Type Prompt Template

E Task: Find all gears for Packing List {packing list id}.

CONTEXT: You are analyzing a 3D printing factory’s order-fulfillment data. Lookup the Packing List to find the corresponding
Order ID, then trace all associated gears.

REQUIRED ANALYSIS:

1. Locate and parse the specified Packing List document.

2. Extract the Order ID from the document.

3. Use the Order ID to find all associated gears in the relationship data.

4. Provide a complete gear list for the order.

DATA SOURCES AVAILABLE:

— Packing List documents (PDF); Relationship tracking data (CSV); Location tracking data; Machine operation logs.
VALIDATION REQUIREMENTS:

— Cross-reference findings across multiple sources; verify gear-to-order relationships; ensure completeness; document any discrepan-
cies.

EXPECTED OUTPUT: Structured report with Order ID, total gear count, complete gear list, and validation notes.

M Task: For Part {part id}, determine which 3D printer was used and count the total number of parts printed on that printer.
CONTEXT: Cross-system validation between relationship data and machine logs to trace a part back to its manufacturing origin
and analyze utilization.

REQUIRED ANALYSIS:
1. Identify the specific part in the system.
2. Trace the part to its assigned 3D printer through relationship data.
3. Access machine logs to verify printer assignment.
4. Count all parts printed on the identified printer.
5. Validate temporal consistency between systems.
DATA SOURCES AVAILABLE:
— Relationship data (worker-printer-part associations); machine logs (start/end times); location data (barcode tracking); worker
data (RFID activity logs).
SUCCESS CRITERIA:
— Correctly identify the 3D printer; provide accurate part count; cross-validate assignment; report any discrepancies.
H Task: For Order {order id}, verify that the ARC (FAA 8130-3) document completion date matches the date the order arrived at

the Parts Warehouse.

CONTEXT: Critical compliance verification in aerospace manufacturing, FAA certificates must align with actual completion to
ensure airworthiness.

REQUIRED ANALYSIS:

1. Locate and parse the ARC certificate.

2. Extract the certificate completion date.

3. Trace the order through location data to find warehouse arrival.

4. Compare certificate date with arrival date.

5. Identify discrepancies and assess compliance implications.

DATA SOURCES AVAILABLE:

— FAA certificates (PDF); barcode tracking data; relationship data; worker certification logs.

SUCCESS CRITERIA:

— Extract and confirm dates; verify date alignment; provide compliance assessment and corrective recommendations.
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