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This paper examines the role of generative Al and large language models (LLMs) in advancing intelligent manufacturing as
we transition from Industry 4.0 to Industry 5.0. We begin by analyzing the current limitations of rule-based and
manufacturing data systems in facilitating flexible, human-centric production. Next, we categorize LLM utilization strategies
into three methodological axes: fine-tuning domain-specific models, employing general-purpose models through prompt
engineering, and utilizing retrieval-augmented generation (RAG), which includes multimodal RAG that integrates sensor and
text data. For each strategy, we present representative case studies across key application areas such as asset
management, maintenance intelligence, quality control, process optimization, and knowledge- and document-centric support
systems. Concurrently, we explore how information modeling and ontology-based knowledge graphs can be integrated with
LLMs to enhance structured manufacturing semantics, improve source traceability, and minimize hallucinations. Finally, we
summarize the advantages and limitations of each approach and propose future research directions for human-centric
manufacturing, including the development of trustworthy LLM pipelines, standardized data schemas, and closer integration
between digital twins and LLM-based decision support systems.
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Fig. 1 Overview of human-Al collaboration in manufacturing in
the context of 5.0, illustrating the transition from
digitalization-focused 14.0 to human-centric [5.0 and
summarizing key research areas: ontology-based information
modelling, emerging techniques such as LLMs and digital
twins, and roadmap issues including handling difficult
materials, ethical considerations, safety and trust, and socio-
economic factors
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Fig. 2 Schematic of the FTLM fine-tuning framework, comparing
full fine-tuning, LoRA, and QLoRA by showing how
gradient flow, parameter updates, low-bit adapters, and
optimizer state are organized across the 16-bit base model, 4-
bit transformer, and CPU paging [23] (Adapted from Ref. 23
on the basis of OA)
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Fig. 3 Overview of prompt engineering strategies in PELM, contrasting zero-shot, few-shot, CoT, CoT-SC (self-consistent CoT), and ToT
(tree-of-thoughts) prompting and illustrating how different prompting and reasoning structures lead to the final model output
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Naive RAG Advanced RAG

gO BE e [gDJ[ lc-’J

Ontology-based RAG

)8

Documents Query Documents
1

E-

9
LLM with Prampting

Fig. 4 Comparison of RAG architectures for LLMSs, contrasting
naive RAG, advanced RAG with pre-retrieval re-ranking, and
ontology-based RAG that leverages a knowledge graph
database to improve retrieval quality and downstream LLM
outputs
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Fig. 5 Expert evaluation of taxonomy quality for the ontology-
based RAG LLM, reporting average scores across five
criteria (accuracy, relevance, completeness, clarity, and non-
redundancy) for three settings: the highest-scoring baseline
taxonomy, the best candidate, and the integrated taxonomy
generated by the ontology-based RAG LLM, showing that
the integrated taxonomy achieves the best overall
performance [48] (Adapted from Ref. 48 on the basis of OA)
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olot A+t7} B E Qi) Trajanoska. et al. (2023) [50]19]

FolA A&7k iAo Wesk BAE HlolE S GPT4
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o Triple& 714231 ol 48 4ati, @3 AL7HEo] £47)
A ao] M shck. g, =2l QA 7)%S &4 Ayt
9] ortAA AYo g FslEE= Al BaE 3 9t} Liu et
al. (2025) [52]= a9 & Az 4 A9 e 4=
A7) o), 8, BN, BE BAS FaE A 2|4
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5. 42
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Table 1 LLM-based QA and monitoring systems: comparison of question types and generated responses

Ref System Question Response
. Free-form questions from operators about Chat-style answer plus an issue-analysis
LLM issue .. .
[48] production issues or documents. screen that lists the relevant document

analysis tool

e.g., how to resolve a specific issue

sections supporting the response.

Technical questions from equipment manuals.

RAG pipeline generates natural-language

Doc RAG QA . .
[49] ocs steilQ e.g., “Why is AC hi-pot test used?”, answers that closely follow the ground-truth
Y “How to complete the TTR test?” text extracted from the manuals.
KG LLM Query about machine sensor data. System answers that there are no temperature
[51] monitoring e.g., “What is the temperature of Machine 6 observations for Machine 6 in that period,
system in the specified time period?” based on the underlying KG data.

T2 of2fet Egolle &8kl A% ofel A4S LLM Z]
S =) A R, 2 @A HlolE Kk, AT A, bl
St 84 A 5 vt 71sA Aol A . ol
et g5 A= AAIE AlA, CAD Hlofg, BIAE 55 &9

=3
=

o ‘o, & —1= Y od u —HlaT=>t °©
AA| 2§ 7hert L 2As), HYda S LT &
2 g AA =0 HeE 28t
=2 LLMO| #go] Az A o) vhefet A a2 =
Kol of@l WO R Flofslx S TRH R FelstaL, 7} 7]
o JHHe nagoR I v AL A7 PP /)
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