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A B S T R A C T

The advent of Large Language Models (LLMs) has led to a transformative shift in modern industrial production, 
enabling enhanced automation, decision-making, and adaptability. LLMs have demonstrated their potential in 
diverse manufacturing applications, including design for manufacturability, process planning, and anomaly 
detection. This paper presents a systematic scoping review of large language model applications in smart 
manufacturing with a particular emphasis on human-in-the-loop concepts. By analyzing recent industrial and 
academic studies, the review examines how LLMs are integrated across manufacturing functions, how human 
roles are defined and operationalized, and what limitations remain in terms of trust, validation, and human 
centricity. Based on the findings of the review, an exemplar conceptual structure is synthesized to organize 
existing approaches and highlight research gaps from an Industry 5.0 perspective. This four-modular structure 
integrates human-in-the-loop (HITL), cyber-physical systems (CPS), LLM, and verification, validation, and un
certainty management (VV&UM). The HITL module addresses real-time human oversight, refining AI-generated 
insights and reducing decision-making errors; the CPS module aims to bridge the gap between digital twins, real- 
world sensor data, and AI-driven predictions, enabling real-time validation of AI recommendations; the LLM 
module is responsible to enhances manufacturability awareness; and the VV&UM module establishes structured 
verification approach, uncertainty quantification, risk assessment mechanisms, and authentication and autho
rization mechanisms to ensure the AI-generated outputs are reliable and compliant with industry standards. By 
integrating these four modules, the LLM with human-in-the-loop-based smart manufacturing (LLM-HSM) 
exemplar conceptual structure creates a hybrid intelligence model where AI enhances automation, while human 
expertise ensures contextual accuracy, performance assurance, and quality control. This paper explores the 
potentials, challenges, and future perspectives of LLMs and HITL in smart manufacturing, outlining a forward- 
looking exemplar conceptual structure for their responsible and practical implementation in next-generation 
industrial systems.

1. Introduction

Smart Manufacturing (SM) uses interconnected machines and tools 
to enhance performance, optimize energy use, and support workforce 
efficiency [1]. It aims to reduce operational inefficiencies and maximize 
overall equipment effectiveness by integrating advanced automation 
and intelligent decision-making systems [2,3]. While fully automated 
processes can streamline shop-floor operations and mitigate challenges 
caused by skill shortages, they also face limits in adaptability, real-time 
decision-making, and human intuition. Studies demonstrate that auto
mation technologies often displace repetitive or low-skilled tasks but 

simultaneously elevate demand for skilled human judgement, creative 
problem-solving, and oversight roles [4]. In process industries, main
tenance costs remain exceedingly high due to job interruption, failures, 
and corrective actions, all of which often necessitate human diagnosis 
and intervention, and they account for substantial losses despite high 
levels of automation [5]. Furthermore, surveys of smart factory imple
mentations reveal that despite increasing robot adoption, human oper
ators continue to play central roles in supervisory, decision support, and 
exception-handling tasks [6].

Therefore, limitations of full automation are not merely theoretical 
but measurable, underscoring the need for approaches that augment 
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rather than replace human expertise. Against this backdrop, Industry 5.0 
extends the principles of Industry 4.0 by moving beyond efficiency and 
automation to emphasize broader human- and society-oriented prior
ities. It is defined as a paradigm that complements technological inno
vation with human-centricity, sustainability, and resilience [7]. This 
includes not only workplace safety, mental well-being, and environ
mentally sustainable practices but also resilience in supply chains, 
personalization of products and services, and value-driven innovation 
[8]. In this vision, advanced technologies such as AI, robotics, and 
digital twins serve as enablers that augment rather than replace human 
creativity, adaptability, and decision-making. By situating humans at 
the center of industrial ecosystems, Industry 5.0 promotes collaboration 
between people and intelligent systems to create more flexible, 
responsible, and sustainable manufacturing processes [9]. This shift is 
reflected in contemporary frameworks such as Industry 5.0, Society 5.0, 
and Operator 5.0, all of which blur the traditional boundaries between 
humans and machines.

To better achieve the Industry 5.0 principles, the human-in-the-loop 
(HITL) concept, a vital characteristic of Industry 5.0, has emerged as a 
paradigm that emphasizes the collaborative synergy between human 
operators and intelligent systems in smart manufacturing. It aims to 
ensure a balance between machine precision and human intuition in the 
decision-making processes [10]. It attempts to incorporate humans’ 
strengths, such as human brainpower [11,12], creativity, and fault 
tolerance abilities, into the manufacturing process. It promotes flexi
bility, agility, and robustness by integrating human abilities and system 
capabilities. Additionally, it prioritizes core human needs and interests 
within the industry. This approach emphasizes not only the protection of 
physical health and safety in the workplace but also the importance of 
mental health and overall well-being. It is essential to ensure that the 
deployment of technological advancements does not compromise 
human rights at any stage [13].This includes safeguarding personal and 
industrial data, protecting privacy in human-AI interactions, and pre
venting bias or discrimination in decision-making processes, which 
leads us toward the realization of trustworthy AI [14] and responsible AI 
[15].

In smart manufacturing, humans provide irreplaceable and unique 
values that automation cannot replicate, such as creativity, dexterity, 
cognition, and decision-making abilities [16,17]. Industry 5.0 empha
sizes an HITL approach to enhance the well-being and needs of human 
operators. This requires manufacturing processes that incorporate 
advanced natural interaction capabilities along with improved percep
tion, cognition, and action intelligence. As a result, human workers can 
form a versatile partnership with machines and technologies, leading to 
higher productivity than what can be achieved through purely manual 
labor or automation alone. This collaborative approach can be applied 
across various manufacturing tasks, including inspections, diagnostics, 
assembly, maintenance, and logistics [18–20]. However, a straightfor
ward interaction approach, defined here as a method that allows users of 
all levels of expertise, as well as those with varying physical or cognitive 
abilities, i.e., disabled, capability-lessening, or normal [21], to 
communicate with machines in an intuitive, accessible manner without 
requiring advanced technical training, is still in its early stages. Existing 
methods, such as graphical user interfaces [22], menu-driven pro
gramming [23], or pre-defined command libraries [24], often offer 
limited accessibility and require significant prior knowledge or training.

To address this, integrating advanced technologies, such as genera
tive artificial intelligence (GenAI) and, more specifically, large language 
models (LLMs), has become paramount to achieving greater efficiency, 
flexibility, and innovation. LLMs offer unique capabilities in natural 
language understanding and multimodal data processing [25]. They aim 
to enhance human-computer interaction by enabling machines to un
derstand, generate, and respond to natural language in a way that 
mimics human reasoning, providing valuable insights, automation, and 
improved decision-making across various domains [26]. LLMs predict 
and generate text by learning patterns from extensive textual data, 

enabling them to perform tasks such as text completion, translation, and 
summarization [27].

In this paper, based on the literature, the authors have made an effort 
to synthesize an exemplar conceptual structure, hereafter referred to as 
large language model integrated with human-in-the-loop-based smart 
manufacturing (LLM-HSM), to emphasize the central role of human 
decision-making and adaptability in cyber-physical production envi
ronments. This is achieved through integration with LLMs to achieve 
seamless interaction and collaboration between humans and machines. 
LLM-HSM comprises four modules: HITL, cyber-physical system (CPS), 
LLM, and verification, validation, and uncertainty management 
(VV&UM). Unlike traditional AI-driven automation approaches, LLM- 
HSM prioritizes human adaptability, real-time decision assistance, and 
structured validation mechanisms to mitigate risks associated with AI- 
driven decisions. Prior research on AI applications has largely been 
fragmented, focusing on specific areas in manufacturing [28]. However, 
these studies rarely address integration at the system level or the critical 
dimensions of human involvement and trust. Similarly, earlier ap
proaches to AI-enabled manufacturing quality control often relied 
heavily on knowledge-based systems that operated from internal re
cords, limiting adaptability and scalability [29]. By contrast, LLM-HSM 
bridges these gaps by connecting generalized language models with 
domain-specific manufacturing requirements, enabling context-aware 
and actionable solutions that extend beyond isolated applications.

Additionally, a key motivation for this study is to encourage the 
future workforce to explore manufacturing through the use of LLMs, AI, 
DT technology, and immersive environments. Given the increasing di
versity of the workforce, including capability-lessening and disabled 
workers [21], LLMs can serve as powerful assistive tools to maintain 
efficiency. Furthermore, LLM-HSM offers significant benefits for novice, 
inexperienced, and disabled operators, enabling them to interact more 
effectively with smart manufacturing systems.

Recent studies have begun to explore the application of LLMs in 
manufacturing [30] and presented conceptual frameworks and taxon
omies, especially for developing task-oriented conversational agents in 
manufacturing [31]. However, these efforts are typically narrow in 
scope and lack a unified, scalable integration perspective. Most ap
proaches do not adequately address key challenges such as real-time 
validation, human oversight, interoperability with CPS, and uncer
tainty management [32–35]. Additionally, the current literature pri
marily focuses on one aspect of the manufacturing cycle, lacking a 
holistic approach. For instance, Wang et al. [36] reviewed the evolution 
and current state of AI-enabled product design (AIPD), highlighting its 
achievements and challenges, and Fang et al. [37] provided a compre
hensive review of context-aware cognitive augmented reality (CA-CAR) 
assembly. However, a perspective on manufacturing through the lens of 
GenAI, more specifically LLM, with human-centricity considerations, is 
lacking. In this study, the LLM-HSM structure is not intended as a vali
dated framework or deployable architecture. Rather, it represents a 
structured synthesis derived from the reviewed literature and an 
exemplar integration pattern illustrating how LLMs, HITL, CPS, and 
VV&UM may interact in smart manufacturing environments. Its purpose 
is to organize existing research and guide future empirical 
investigations.

The remainder of the paper is as follows: Section 2 presents a back
ground and a review of the concepts of Industry 5.0, HITL, and LLM; 
Section 3 reviews the methodology and contributions; Section 4 focuses 
on current applications of LLM in industry and manufacturing processes, 
Section 5 presents an exemplar conceptual structure to integrate LLM 
into HSM; Section 6 discusses the key-enabling technologies and fea
tures to realize the concept of LLM-HSM; Section 7 presents the dis
cussions, and Section 8 outlines the future work.
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2. Background

2.1. Industry 5.0 and Human-in-the-loop

The evolution of manufacturing systems has been marked by sig
nificant paradigm shifts driven by technological advancements and 
changing production requirements [38]. While Industry 4.0 established 
the foundation for smart manufacturing through digitalization and 
automation, Industry 5.0 represents a fundamental shift towards a more 
human-centric paradigm for manufacturing excellence. Industry 5.0 
distinguishes itself by emphasizing the synergistic relationship between 
human workers and advanced technologies. While Industry 5.0 is widely 
promoted as a human-centric evolution of industrial systems, much of 
the existing literature remains conceptual, with limited exploration of 
how advanced AI, particularly LLMs, can be concretely embedded 
within collaborative human-machine frameworks to support real-time 
production intelligence [39].

The key characteristics of Industry 5.0 include human-machine 
collaboration, which involves integrating human cognitive abilities 
with technological advancements, sustainable training approaches for 
workforce development, and enhanced decision-making through the 
combination of human expertise and artificial intelligence [40]. Tech
nological integration further supports Industry 5.0 through advanced 
smart technologies that assist human operators, paradigm shifts in 
planning and developing manufacturing processes, and the establish
ment of sustainable and resilient manufacturing systems [41]. The 
emergence of intelligent manufacturing systems, driven by new 
computational methods such as artificial intelligence and machine 
learning, has transformed traditional statistical analysis approaches in 
manufacturing. This transformation facilitates real-time decision sup
port systems, predictive maintenance capabilities, and process optimi
zation through HITL feedback.

Industry 5.0 also emphasizes sustainability and resilience by 
fostering environmental consciousness in manufacturing processes, 
promoting social responsibility and worker well-being, and imple
menting long-term sustainable production strategies. This evolution 
towards Industry 5.0 represents a crucial stepping stone in 
manufacturing history, where the focus shifts from pure automation and 
efficiency to a more balanced framework that values human expertise 
while leveraging advanced technologies [42]. This paradigm lays the 
foundation for integrating emerging technologies, such as LLMs, into 
manufacturing processes, which will be discussed in the subsequent 
section.

Human-robot collaboration (HRC) emerges as a cornerstone of In
dustry 5.0, driving the development of robots with enhanced natural 
interaction capabilities [43]. HRC environments require robots that can 
seamlessly interact with human operators, understand their intentions, 
and respond effectively to dynamic situations. This demands advance
ments in robot perception, cognition, and action intelligence, allowing 
for intuitive and safe collaboration between humans and robots. The 
need for intuitive human-machine interfaces (HMIs) further underscores 
the importance of natural language interaction in HRC [44]. Traditional 
HMIs often rely on complex programming languages or specialized in
terfaces, hindering seamless communication between operators and 
robots. Voice-enabled digital intelligent assistants (DIAs) leveraging 
natural language processing have the potential to bridge this gap, 
facilitating a more intuitive and user-friendly interface for human op
erators in complex assembly tasks [45].

Policy documents from the European Commission explicitly frame 
Industry 5.0 as a complement to the Industry 4.0 paradigm, in which 
research and innovation drive a transition towards a sustainable, 
human-centric and resilient European industry, rather than a purely 
technology- or productivity-driven evolution [46,47]. These documents 
emphasize a shift from shareholder value towards stakeholder value, the 
wellbeing and empowerment of workers, and operating within plane
tary boundaries as central objectives of future industrial systems. More 

recently, the ERA industrial technologies roadmap on human-centric 
research and innovation for the manufacturing sector further oper
ationalizes this vision by detailing how industrial innovation ecosystem 
stakeholders can achieve human-centric outcomes in technology 
development and adoption, such as improving workers’ safety and 
wellbeing, upskilling and continuous learning, and user-driven design of 
artificial intelligence and virtual environments [48]. Taken together, 
these policy perspectives underpin our interpretation of Industry 5.0 as a 
socio-technical transition in which digital technologies, including LLMs, 
are evaluated not only by their contribution to efficiency and automa
tion, but also by how they enhance human agency, safety, and sustain
ability in smart manufacturing.

In this paper, HITL is adopted as a system-level paradigm, referring 
to the explicit and continuous involvement of human actors in the 
perception, decision-making, and control loops of intelligent 
manufacturing systems [49]. Within the context of Industry 5.0, HITL 
extends beyond physical interaction to encompass human engagement 
with cyber-physical systems, decision support tools, digital twins, and 
AI-driven automation throughout the entire manufacturing lifecycle. 
HRC is treated as a specific and prominent instantiation of the HITL 
concept, focusing on physical and cognitive collaboration between 
humans and robotic systems operating in shared workspaces [50]. While 
HRC represents a critical enabler of human-centric manufacturing, 
particularly in tasks that require close human-robot coordination, it 
constitutes only one subset of the broader HITL framework, which also 
includes non-robotic human-AI interactions relevant to planning, 
monitoring, supervision, and validation in smart manufacturing envi
ronments [51]. This distinction clarifies the conceptual scope of HITL 
adopted in this study and ensures consistency with the proposed LLM 
HSM structure.

2.2. Large language models

2.2.1. Evolution of LLMs
The trajectory of LLMs reflects a significant transformation from 

early rule-based systems to sophisticated models capable of under
standing and generating human-like language with remarkable fluency. 
The evolution of LLMs is marked by several key phases and elaborated 
below and shown in Fig. 1. This timeline demonstrates a progression 
from rule-based and statistical models to sophisticated neural network- 
based models, with the transformer architecture marking a significant 
turning point in the development of LLMs. 

• 1940s: Artificial neural networks (ANNs) were introduced, laying the 
groundwork for future developments in language models [52].

• 1950s-1960s: The first language models emerged using early neural 
networks and rule-based systems that relied on linguistic rules and 
features [53].

• 1980s-1990s: Statistical language models gained prominence, uti
lizing probabilistic techniques to capture patterns in language data, 
building upon earlier models [54]. These models included n-gram 
models, Hidden Markov Models (HMMs) [55], and Gaussian mixture 
models (GMMs) [56].

• Mid-2000s: Word embeddings were introduced, representing words 
in a vector space and capturing semantic relationships. This 
contributed to advancements in natural language processing (NLP).

• 2010: The recurrent neural network language model (RNNLM) [57], 
the first neural language model, was introduced to capture sequen
tial dependencies in text and improve contextual understanding 
[54].

• Mid-2010s: Neural language models emerged, utilizing deep learning 
to comprehend language patterns from vast amounts of text.

• 2015: Google introduced the Google Neural Machine Translation 
(GNMT) model [58], marking a milestone in machine translation.
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• 2017: The transformer architecture was introduced, enabling paral
lelization and efficient handling of long-range dependencies. This 
architecture became the basis for modern LLMs [59].

• 2018: Google introduced BERT (Bidirectional Encoder Representa
tions from Transformers) [60], enhancing contextual understanding 
through deep bidirectional representations. OpenAI released GPT-1 
(Generative Pre-trained Transformer), the first in the GPT series, 
showcasing the potential of transformers in NLP.

• 2019: The Transformer model had a parameter size of 0.165B. GPT-2 
was released with 1.5B parameters [61].

• 2020: GPT-3 was introduced with 175B parameters, demonstrating 
the emergent capabilities of LLMs. Other models, such as T5, also 
gained prominence [62].

• 2021: The proposal of the Visual Transformer (ViT) [63] marked the 
beginning of the multimodal large model era.

• 2022: ChatGPT was launched with 175B parameters [64], gaining 
widespread attention and demonstrating advanced conversational 
abilities. LLMs like PaLM [65], LaMDA [66], and Galactica [67] were 
developed.

• 2023: Meta released LLaMA [68] and LLaMA 2 [69]. Models such as 
Alpaca [70], Vicuna [71], and Code-LLaMA [72] were created as 
variants of LLaMA.

• 2024: LLaMA3 [73] model with 405B parameters. Other LLMs such 
as DeepSeek-Coder [74], Grok [75], Snowflake Arctic [76], 
Gemini-1.5 [77], and GPT-o1 [78] were developed.

• 2025: Significant advancements in LLMs were marked by the release 
of the DeepSeek R1 model [79], which delivered high performance at 
a low cost, and Alibaba Cloud’s Qwen2.5 suite [80], which supports 
29 languages and scales up to 72 billion parameters.

LLMs have evolved from early rule-based and statistical approaches 
toward deep learning methods, with the transformer architecture 
marking a decisive breakthrough. For manufacturing systems, this 
evolution is significant because transformers enable contextual under
standing, scalability, and domain adaptation, which were not achievable 
with earlier models. Recent advances, such as instruction fine-tuning 
and retrieval-augmented generation, make LLMs capable of handling 
manufacturing-specific tasks, including interpreting technical manuals, 
generating machine instructions, and supporting human operators in 

real-time [81].

2.2.2. LLM and smart manufacturing
LLMs, trained on massive text datasets, represent a significant leap in 

artificial intelligence, exhibiting impressive capabilities in language 
understanding, reasoning, and code generation [82]. These advance
ments open up a vast array of potential applications for LLMs within the 
realm of smart manufacturing, pushing the boundaries of human-robot 
collaboration and driving the realization of Industry 5.0 principles. 
Section 4 will present a detailed elaboration on the current applications 
of LLM in industry and manufacturing.

LLMs can empower robots with improved natural language 
comprehension and the ability to interpret complex instructions from 
human operators, facilitating a more intuitive and seamless HRC expe
rience [44]. Beyond simple command interpretation, LLMs can also be 
integrated into knowledge-based systems, providing operators with ac
cess to vast repositories of technical documentation and best practices. 
[29]. This enables efficient troubleshooting, knowledge sharing, and 
enhanced decision-making in complex industrial scenarios.

In addition, LLMs have the potential to address several challenges 
currently hindering the widespread adoption of Industry 4.0 and 5.0 
principles. These many industries often operate with limited financial 
and technical resources, making it difficult for them to adopt large-scale 
automation or advanced AI systems [83]. For this reason, affordable, 
adaptable, and human-centered solutions are essential for enabling 
them to remain competitive while embracing sustainability and resil
ience. LLMs can bridge this gap by providing expert-level insights, 
guiding operators through complex data analysis processes, and assist
ing in the implementation of AI-driven solutions [82]. Furthermore, 
LLM can assist in operator training, onboarding new employees, and 
disseminating critical knowledge throughout the workforce [84]. 
Although models like GPT-4 and 5, LLaMA, and PaLM have demon
strated impressive language generation capabilities, their industrial 
adoption remains limited by challenges such as domain adaptation, lack 
of validation mechanisms, and difficulty integrating with real-time 
control systems [85,86], issues that current literature rarely addresses 
in depth. The applications of LLMs in industry will be discussed in 
further detail in Section 4.

Recent works in LLM-enabled manufacturing show a clear trend 

Fig. 1. Evolution of LLMs (ANN: Artificial Neural Network, HMMs: Hidden Markov Models, GMM: Gaussian mixture models, RNNLM: recurrent neural network 
language model, NL: Natural language, GNMT: Google Neural Machine Translation, BERT: Bidirectional Encoder Representations from Transformers, GPT: 
Generative Pre-trained Transformer, ViT: Visual Transformer).
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toward more ambitious integration of generative AI with digital twins, 
process planning, and adaptive decision support. In addition to the ap
plications mentioned above, architectural proposals and reviews have 
also been investigated. For example, Ma et al. [87] introduce a vision 
and language cobot navigation approach that combines LLMs with CPS 
infrastructures to enhance human–robot coordination. Similarly, Zhao 
et al. [88] provide a comprehensive review of foundational AI models 
tailored for manufacturing, indicating increasing interest in 
domain-specific large models. Despite these advances, limitations 
persist: many systems remain task- or domain-specific with minimal 
mechanisms for uncertainty estimation, verification, or real-time human 
oversight. There is also little consistency in how inclusivity, verifiable 
outputs, and human adaptability are handled, especially when models 
are deployed in dynamic, safety-critical manufacturing environments.

In light of these observations and the previously discussed applica
tions of LLMs in the industry, the literature suggests that simply 
combining LLMs with CPS or using them as standalone decision agents is 
insufficient. The gaps exposed by recent studies, such as hallucination in 
high-precision applications (e.g., aerospace manufacturing) and over
confidence in generative outputs when context is unclear, underscore 
the need for a formal integration of modules that ensures reliability, 
human oversight, and validation. The recent efforts, such as LLM- 
MANUF [89], show movement toward richer frameworks, but even 
this work only partially addresses uncertainty management and 
human-centricity. Therefore, to elevate manufacturing systems beyond 
a descriptive or narrowly focused implementation, the incorporation of 
VV&UM, along with tightly coupled HITL and CPS modules, becomes 
essential. The synthesized exemplar LLM-HSM structure aims precisely 
to fill these integration gaps, offering a more holistic, measurable, and 
human-aligned model for next-generation smart manufacturing.

2.2.3. LLM and manufacturing-specific key performance indicators
LLMs are not only generic intelligent assistants; they can be explicitly 

aligned with manufacturing Key Performance Indicators (KPIs) across 
the product and process lifecycle. In design and engineering, generative 
AI copilots built on historical product and simulation data have already 
been reported to cut design time, directly improving KPIs such as design 
lead time, number of design iterations, and right-first-time design rates. 
In production planning and scheduling, LLM-enhanced schedulers for 
human-robot collaborative job shops have demonstrated reductions in 
average makespan and improved responsiveness to disturbances, 
resulting in better schedule adherence, lower work-in-progress, and 
reduced tardiness compared with classical heuristics and DRL baselines 
[90]. On the shop floor, multimodal LLM and GenAI systems supporting 
computer numerical control (CNC) programming and process optimi
zation have been associated with shorter setup and programming times, 
lower cycle times, and fewer execution errors, thereby improving 
throughput, first-pass yield, and scrap or rework rates [91]. In moni
toring and maintenance, LLM-based predictive maintenance frame
works in real industrial plants have achieved high anomaly-detection 
performance and reported double-digit reductions in operational costs 
via lower unplanned downtime and more targeted interventions, 
directly impacting mean time to detection (MTTD), mean time to repair 
(MTTR), and overall equipment effectiveness (OEE) [92]. Finally, when 
used as conversational tutors and on-the-job assistants, LLMs can 
accelerate operator training and support, contributing to reduced 
time-to-competence and lower error rates during learning [93]. Section 
4 will elaborate on this with a focus on different stages of the 
manufacturing value chain, from design and planning to production, 
monitoring, maintenance, and training; their stage-specific roles and 
interactions.

2.3. Humane and technological characteristics

Human abilities and technological capabilities embody two com
plementary dimensions of intelligence that, when properly integrated, 

enable a balanced and adaptive manufacturing ecosystem. In the context 
of smart manufacturing, the distinction between humans and machines 
is not merely functional but epistemic; humans reason through experi
ence, intuition, and moral reflection, whereas machines operate through 
data-driven inference, probabilistic reasoning, and deterministic opti
mization [94]. Understanding this boundary is essential for designing 
trustworthy, safe, and explainable collaboration frameworks in 
cyber-physical production systems [14].

Humans excel at making contextual judgments, engaging in ethical 
reasoning, and solving creative problems in uncertain or ambiguous 
situations [95]. These strengths are grounded in tacit knowledge, 
emotional intelligence, and cultural understanding, all of which allow 
them to interpret intent and manage unforeseen events. However, 
human performance is constrained by cognitive load, fatigue, and sub
jective bias, which limit reliability and consistency under repetitive or 
high-stress conditions. Conversely, technological agents such as LLMs, 
CPS, and DT demonstrate exceptional capabilities in data processing, 
scalability, and precision [96]. They can detect complex patterns, 
simulate dynamic environments, and perform repetitive tasks with high 
accuracy, but they lack embodied experience, empathy, and genuine 
semantic understanding, making them unsuitable for autonomous moral 
or social decision-making.

To foster a symbiotic relationship, human and machine functions 
must be aligned along explicit decision boundaries, where each agent 
operates within its optimal domain of expertise. Humans should remain 
responsible for defining goals, providing ethical oversight, evaluating 
context, and engaging in creative reasoning, while machines should 
manage large-scale optimization, prediction, and data synthesis. Adap
tive learning loops, enabled by continuous feedback between human 
judgment and machine inference, can gradually refine these boundaries. 
Trust is achieved when human operators can understand, predict, and 
guide the behavior of AI systems, while the system transparently com
municates its confidence, rationale, and limitations.

Table 1 summarizes the key domains of humane and technological 
characteristics, illustrating their core strengths and inherent limitations. 
This mapping provides the conceptual foundation for allocating decision 
authority while ensuring that technological intelligence enhances, 
rather than replaces, human agency in smart manufacturing.

3. Research methodology and contributions

3.1. Contributions

This study makes the following contributions to the literature on 
smart manufacturing and Industry 5.0. 

1. The paper provides a comprehensive and systematic review of recent 
applications of LLM in smart manufacturing with an explicit focus on 
HITL involvement.

2. The study synthesizes cross-cutting patterns, trends, and limitations 
in the existing literature related to human centricity, trustworthi
ness, and operational maturity. This analysis identifies gaps that 
clarify where current research falls short of Industry 5.0 principles.

3. Based on the insights derived from the review, the paper presents an 
exemplar conceptual structure, referred to as LLM-HSM, which or
ganizes the reviewed applications along four recurring dimensions: 
HITL, CPS, LLMs, and VV&UM. This structure is not proposed as a 
validated architecture or a deployable solution, but as a reference 
model to structure existing work, relate disparate application 
studies, and support future research on human-centric and trust
worthy LLM deployment in manufacturing.

4. To address the identified gaps and realize the exemplar conceptual 
structure, enabling features and technologies are identified and 
classified.

This study distinguishes itself from several existing reviews, which 
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prioritize broad application surveys or foundational model characteris
tics. For instance, the review by Mustapha et al. [81] offers a narrative 
review of applications across mechanics, product design, and 
manufacturing, providing a conceptual synthesis of emerging use cases. 
Similarly, Li et al. [115] provide a comprehensive exploration of LLMs' 
applications in areas such as quality control, supply chain management, 

Table 1 
Humane and technological characteristics, their strengths and limitations.

Characteristic Agent Type Core Strengths Primary 
Limitations

Cognitive 
Processing 
[95,97,98]

Human - Intuitive 
reasoning 
- Contextual 
judgment 
- Abstract thinking 
- Emotional 
intelligence

- Limited working 
memory 
- Fatigue 
- Cognitive biases 
- Slower processing 
speed

Technology 
(LLM, AI)

- Rapid data 
processing 
- Pattern 
recognition 
- Vast memory 
recall

- No true 
understanding 
- Context-dependent 
hallucinations 
- Lacks embodied 
experience 
- Fixed knowledge 
cutoff

Decision Making 
[99,100]

Human - Ethical 
consideration 
- Social awareness 
- Flexible judgment 
in ambiguous 
situations

- Prone to emotional 
bias 
- Inconsistent under 
stress 
- Subjective 
judgment variability

Technology 
(CPS)

- Data-driven 
optimization 
- Real-time 
simulation 
- Rapid scenario 
analysis 
- Predictive 
modeling

- Requires accurate 
models 
- Cannot handle 
undefined scenarios 
- No moral reasoning

Learning & 
Adaptation 
[14,101]

Human - Few-shot learning 
- Experiential 
knowledge 
- Adaptive to novel 
situations 
- Generalization

- Requires time and 
practice 
- Limited by 
biological 
constraints 
- Knowledge transfer 
challenges

Technology 
(ML, 
Robotics)

- Large-scale 
pattern detection 
- Requires 
extensive datasets 
- Continuous 
improvement 
through feedback

- Data requirements 
- Domain-specific 
- Poor zero-shot 
performance in 
novel contexts

Physical 
Manipulation 
[96,102]

Human - Tactile sensitivity 
- Fine motor skills 
and dexterity 
- Intuitive force 
control 
- Adaptability to 
irregular objects

- Strength 
limitations and 
fatigue 
- Risk of injury 
- Inconsistent 
performance under 
stress

Technology 
(Robotics)

- Precision 
- Repeatability, 
speed, strength, 
- 24/7 operation

- Limited flexibility 
- Lack of true tactile 
sensation 
- High programming 
complexity

Sensory Perception 
[103–105]

Human - Multimodal 
integration 
- Context- 
awareness 
- Empathy 
- Interpretation of 
subtle cues

- Subjective 
interpretation 
- Attentional 
limitations, 
- Limited bandwidth

Technology 
(CPS, 
Sensors)

- Continuous 
monitoring 
- High-frequency 
data acquisition 
- Multi-sensor 
fusion

- No semantic 
understanding 
- Sensor noise and 
drift 
- Requires human 
validation

Communication & 
collaboration 
[106,107]

Human - Pragmatics 
(sarcasm, irony) 
- Cultural nuance 
- Emotional depth

- Slower processing 
- Ambiguity in 
expression 
- Fatigue affects 
communication

Table 1 (continued )

Characteristic Agent Type Core Strengths Primary 
Limitations

Technology 
(LLM)

- Fluent syntax 
generation 
- Multilingual 
processing 
- Lacks emotional 
awareness

- No pragmatic 
understanding 
- Cultural and 
emotional blindness 
- Generates plausible 
but false 
information

Creativity & 
Innovation 
[108]

Human - Original ideas 
from experience 
- Disruptive 
innovation 
- Metaphorical 
connections

- Time-intensive 
- Limited output 
volume 
- Individual 
variability, not 
scalable

Technology 
(LLM, AI)

- Novel 
combinations from 
existing data 
- Pattern-based 
generation 
- Lacks experiential 
depth

- Bounded by 
training data 
- No genuine 
originality 
- Cannot experience 
or draw from 
emotions 
- Produces 
derivative content

Ethical Judgment 
[109–111]

Human - Moral reasoning 
- Accountability 
- Empathy-based 
decisions 
- Cultural 
sensitivity

- Time-consuming 
deliberation 
- Cultural and 
personal biases 
Inconsistent 
application across 
cases

Technology 
(AI Systems)

- Rule-based 
compliance 
- Inherits training 
data biases

- No moral agency 
- Cannot be held 
accountable 
- Opaque decision- 
making 
- Ethical alignment 
challenges

Contextual 
Understanding 
[99]

Human - Cultural 
interpretation 
- Situational 
awareness 
- Reading implicit 
signals

- Limited 
perspective scope 
- Cannot process 
massive data 
simultaneously 
- Subjective 
interpretation

Technology 
(CPS)

- Virtual 
environment 
simulation 
- Physics-based 
modeling 
- Real-time 
mirroring 
- Limited semantic 
understanding

- Cannot capture 
human intent/ 
motivation 
- Limited predictive 
accuracy 
- No emotional 
modeling

Error Handling 
[112–114]

Human - Intuitive problem- 
solving 
- Creative 
workarounds 
- Adapts to 
unforeseen failures

- May require 
significant time 
- Learning from 
experience is 
gradual 
- Limited ability to 
generalize

Technology 
(CPS, 
Automation)

- Predictive 
maintenance 
- Error detection at 
scale 
- Requires explicit 
fault models 
- Struggles with 
novel errors

- Fast diagnosis for 
known patterns 
- No creative 
problem-solving 
- Black-box 
reasoning 
- Over-reliance risks
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and robotics, focusing on insights and challenges. While these papers 
successfully establish the wide-ranging potential of LLMs in 
manufacturing, the present research takes a crucial next step by syn
thesizing a modular architecture to structure existing work. By making 
VV&UM and HITL core, dedicated modules, we address the trustwor
thiness and contextual accuracy gaps often highlighted in broader 
application surveys [81,115].

LLM-HSM also compares and extends reviews focused on specific 
integrations or manufacturing philosophies. Reviews such as Wu et al. 
[116] focus on the integration of Multimodal LLMs (MLLMs) and 
embodied intelligence to enhance HRC within smart manufacturing. 
Chen et al. [32] specifically investigate the LLM and DT integration in 
Industry 5.0, proposing the Interactive-DT framework, which addresses 
the challenges of interoperability and data management. The current 
study builds on these foundational concepts by encompassing CPS 
(which includes DTs), but crucially embeds this technological stack 
within the overriding requirements of human-centric deployment 
(HITL) and reliability assurance (VV&UM). Meanwhile, Oyekan et al. 
[117] offer decision-making guidance for selecting between traditional 
NLP methods, Knowledge Graphs, and LLMs based on experimental 
evaluation and domain dependency. In contrast, we assume the adop
tion of LLMs and focus on solving the deployment challenge, rather than 
model selection, by prescribing a framework that ensures compliance 
and performance for high-precision environments.

Furthermore, the current study differentiates itself from reviews with 
highly overlapping thematic scopes, such as those focusing on Industrial 
Foundation Models (IFMs) or New-Generation Intelligent 
Manufacturing (New-IM). Zhao et al. [88] conduct a systematic review 
on IFMs, summarizing applications and exploring key technologies like 
Retrieval-Augmented Generation (RAG) and Knowledge Graphs (KG). 
Zhang et al. [118] similarly provide a survey on the pathways and 

challenges of LLMs in New-IM toward Industry 5.0, proposing the 
New-IM-LLM theoretical framework. While these works align strongly 
with Industry 5.0 and intelligent manufacturing, they generally lack the 
verification of AI outputs. In this study, we address the limitations (such 
as performance uncertainty and trustworthiness) identified in related 
studies by dedicating modules to VV&UM and HITL, providing a struc
tured approach to integrate barriers, manage large amounts of data, and 
ensure compliant outputs.

In addition, the review by Ma et al. [87] comprehensively maps LLM 
applications across six manufacturing domains and synthesizes the 
synergies between LLMs and various Industry 5.0 enabling technologies, 
such as DTs and industrial internet of things (IIoT). Similarly, the survey 
by Zhang et al. [119] focuses on establishing the core advantages of 
Large Scale Foundation Models (LSFMs) in terms of generalization and 
automated dataset generation, systematically comparing these capabil
ities against the recognized shortcomings of traditional deep learning 
methods in areas like Prognostics and Health Management (PHM) and 
quality control. In contrast to these papers, which primarily review 
current status and potential, the current study builds upon these estab
lished application areas to synthesize a concrete architecture that 
explicitly mandates human oversight and reliability checks to mitigate 
risks like hallucination and geometric reasoning deficiencies that the 
other reviews identify as key challenges

Together, these studies highlight the multidimensional capabilities 
of LLMs and the evolving synergies between LLMs and smart 
manufacturing applications, paving the way for future research on LLM- 
HSM. Table 2 provides a comparison of existing surveys in LLM and 
manufacturing, integrating insights from these recent contributions. It is 
worth mentioning that the review papers in the following table were 
extracted outside the PRISMA approach, which will be introduced in 
Section 3.2.

Table 2 
Comparison of existing review papers.

Research Year Approach Application areas Framework/ 
Architecture/ 
Structure

Implementation Contributions

Zhang et al. 
[119]

2023 Systematic survey with 
comparative analysis, 
technical roadmaps

PHM, Quality control, HAR, 
Industrial robotics

— Case studies on PCB 
inspection & human action 
recognition

Roadmaps for LSFMs in 
manufacturing

Li et al. 
[115]

2024 Review of applications, 
evaluation of the 
performance of LLMs

Quality control, Supply chain, 
Robotics, Knowledge 
management

— Case studies using GPT-4V 
for text processing, code 
generation, and VR 
development

LLM application insights, 
challenges, and future directions 
for manufacturing advancements

Zhang et al. 
[118]

2025 Cross-disciplinary analysis 
and insights

Design, Production, Service New-IM-LLM — Cross-disciplinary analysis, new- 
generation IM-LLM architecture

Mustapha 
[81]

2025 Narrative review of recent 
literature and use cases

Mechanics, Product design, 
Manufacturing

— Conceptual synthesis with 
illustrative examples

Identifies opportunities and 
limitations of LLMs across 
engineering workflows

Oyekan et. 
al. [117]

2025 Comparative analysis with 
experimental evaluation

Manufacturing robotics, HRC, 
Industry 5.0 contexts

LKLM Includes experimental 
evaluation and metrics

Provides decision guidance, 
sector-specific insights, and 
ethics considerations

Chen et al. 
[32]

2025 Thematic review with a 
proposed three-layer 
framework

Digital twin construction and 
operation, intelligent 
manufacturing

Interactive-DT — Clarifies LLM roles in DT 
pipelines and highlights open 
challenges

Ma et al. 
[87]

2025 Review, synthesis of 
synergies & enabling 
technologies

Design, planning, execution, 
quality control, supply chain

— — Comprehensive mapping of LLM 
applications and enablers in 
Industry 5.0

Zhao et al. 
[88]

2025 Literature review on IFMs 
and enabling techniques

Manufacturing knowledge 
bases, predictive maintenance, 
process optimization, and 
human-machine collaboration

IFM Examples from predictive 
maintenance, process 
knowledge extraction, and 
digital assistants

Provides an overview of IFMs in 
manufacturing, focusing on RAG, 
embeddings, & KG

Wu et al. 
[116]

2026 Structured review around 
the Perception-Cognition- 
Actuation loop

Human-robot collaboration, 
smart manufacturing

MLLM Conceptual only, with 
discussion of datasets and 
platforms

First to integrate HRC, MLLMs, 
and spatial intelligence into one 
review

This study Comprehensive review 
focusing on applications 
and implementations with a 
framework

Design & Simulation, Planning 
& Scheduling, Production, 
Monitoring & Control, Repair & 
Maintenance, Training & 
Education

LLM-HSM Exemplar conceptual 
structure

Comprehensive review of 
applications, HITL perspective, 
exemplar LLM-HSM structure, 
identifying technologies, and gap 
analysis.

HAR: Human Action Recognition, PCB: Printed Circuit Board, VR: Virtual Reality, LKLM: Large Knowledge Language Model,
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3.2. Methodology

To realize the contributions outlined in Section 3.1, first, we 
reviewed the current applications of LLM in smart manufacturing 
through a systematic scoping review following the updated Preferred 
Reporting Items for Systematic Reviews (PRISMA 2020) guideline 
[120]. The adopted protocol comprised the definition of information 
sources, formulation of search strategies, specification of eligibility 
criteria, and structured processes for selection and data collection. The 
PRISMA flow diagram (Fig. 2) illustrates the overall procedure. More 
details of the PRISMA approach are outlined in Sections 3.1.1–3.1.3.

Based on the findings and gap analysis performed in Section 4, we 
integrated LLMs into the already-developed concept of H-SM [21] to 
synthesize the LLM-HSM exemplar conceptual structure. Then, we 
identified the enabling features and technologies that support its reali
zation. Finally, the study discusses the relevance to Industry 5.0, 
socio-technical and organizational implications of LLM-HSM, ethical 
and human rights safeguards in LLM-HSM, and the challenges ahead.

3.2.1. Information sources and search strategy
The literature search was conducted across five well-recognized 

databases: Scopus (n = 181), ScienceDirect (n = 382), Web of Science 
(n = 79), IEEE Xplore Digital Library (n = 193), and SpringerLink 
(n = 248), resulting in 1086 initial records. The search strings combined 
keywords relating to smart manufacturing, Industry 4.0/5.0, and 
human-in-the-loop concepts with terminology connected to LLMs and 
generative AI. The applied string was: (“smart manufacturing” OR “in
dustry 5” OR “industry 4”) AND (“LLM” OR “large language model” OR 
“genai” OR “generative AI” OR “generative artificial intelligence”) AND 
(human OR “operator”). The search was performed in the title, abstract, 
and keyword fields. Filters were applied to restrict results to English- 
language publications from 2017 to 2026, while excluding conference 
papers, reviews, and editorials to ensure consistency and quality.

3.2.2. Eligibility criteria
The inclusion criteria were defined to ensure the review captured the 

most relevant and rigorous contributions. Studies were eligible if they 
addressed the application or potential of LLMs in manufacturing, In
dustry 4.0/5.0, or human-in-the-loop systems, if they reported empir
ical, conceptual, or technical insights with relevance to smart 
manufacturing, and if they were peer-reviewed journal articles or high- 
quality indexed publications in English. Exclusion criteria were applied 
at different stages: (EX1) studies outside the defined thematic scope, 
(EX2) inaccessible or unretrievable full texts, (EX3) publications with 
insufficient methodological or contextual detail, and (EX4) duplicates 
that were not automatically filtered.

3.2.3. Selection and data collection process
From the 1086 records initially retrieved, 460 were removed by 

automation tools based on filters, and 402 were identified as duplicates, 
resulting in 224 records for screening. Title and abstract screening 
excluded 24 records (EX1) due to irrelevant content or duplication that 
were not identified in the previous process, resulting in 197 studies that 
were sought for retrieval. No studies were excluded due to inaccessi
bility (EX2 = 0). During the eligibility assessment, five records were 
excluded for limited methodological or contextual relevance (EX3), and 
twelve records were excluded for insufficient detail or scope (EX4). 
Ultimately, 180 studies were included in the final review dataset.

The selection process was conducted by multiple reviewers to 
minimize bias, with disagreements resolved through a consensus-based 
approach. Relevant data were extracted using a standardized form 
capturing bibliographic information, research focus, methodology, and 
contributions. The final dataset served as the foundation for analyzing 
trends, enabling the exploration of technologies, case studies, and sce
narios related to LLM-HSM.

The screening process involves a specific set of keywords. Fig. 3
shows the overlay visualization of the keyword occurrences, generated 
by VOSviewer, in LLMs and smart manufacturing areas. The most used 
keywords include large language model, smart manufacturing, natural 
language processing, computational linguistics, artificial intelligence, 
machine learning, and chatbot.

4. Current applications of LLM in smart manufacturing

This section reviews the current applications of LLMs in 
manufacturing. For this, we categorized these applications with respect 
to different industrial sectors, including smart factory, robots, conven
tional manufacturing processes, and AM processes. The proposed para
digm can be applied in various fields, including design, simulation and 
scheduling, production, monitoring and control, repair and mainte
nance, and training and education. A considerable number of papers 
have made efforts to integrate LLMs with the manufacturing processes. 
For instance, Rane et al. [121] explored the contributions of ChatGPT in 
manufacturing across various fields, including process optimization, 
quality control, predictive maintenance, supply chain management, 
human-machine collaboration, knowledge transfer and training, fault 
diagnosis, decision support, customization and personalization, and 
cybersecurity.

To carry out this classification, among the 180 papers selected using 
the approach in Section 2, we performed a full-text screening of the 
papers to extract those that applied LLM or GenAI in a manufacturing 
setting. Of these, 76 papers met this inclusion criterion. Table 3 dem
onstrates the results of this classification. The last column in the table 
also summarizes the observed trend for each application, which will be 
thoroughly discussed in Section 4.7. Each application field will be 
elaborated on in the following section, and the respective published 
papers will be discussed.

Fig. 2. PRISMA flow diagram illustrating the identification, screening, eligi
bility, and inclusion process for studies in the systematic scoping review.
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4.1. Design and simulation

LLMs can play a significant role in design for manufacturing (DfM) 
and simulation processes, improving the creation of parts and assem
blies. They act as a repository of manufacturing expertise, utilizing their 
abilities in pattern recognition and language comprehension throughout 
both design and production. Their capabilities in programming and text 
analysis allow them to generate and modify design and manufacturing 
documents. Historically, DfM has relied on human knowledge and CAD 
software to evaluate and enhance designs for improved manufactur
ability. Incorporating LLMs into this workflow can enhance the effi
ciency of DfM, resulting in more consistent, scalable, and effective 

decision-making.
There are numerous applications for domain-specific LLMs in DfM, as 

shown in Fig. 4. In this study [122], first, LLMs can assist in determining 
the most suitable manufacturing methods for a part based on its char
acteristics. They can also suggest and implement design modifications to 
enhance manufacturability and optimize production workflows. This 
can extend to part sourcing, where the model’s reasoning capabilities 
help select appropriate suppliers based on the part’s function and per
formance criteria. Lastly, LLMs could support the generation of 
manufacturing instructions for various processes [122].

AI, capable of generating images from text input, has recently gained 
significant public attention [132]. Like AI chatbots, Text-to-image 

Fig. 3. Overlay visualization of the keyword occurrence on “large language model” and “smart manufacturing” from the Scopus database generated by VOSviewer.

Table 3 
Current applications of LLMs in various industrial sectors and the observed trends.

Applications Industrial Sectors Counts Observed Trend

Smart Factory Robot AM 
Process

UM Process

Design and Simulation [122] – [123,124] [125–132] 11 - Expanding use in DfM and CAD assistance. 
- Text-to-image/3D pipelines emerging in AM. 
- Most remain prototypes; risk of hallucination.

Planning and Scheduling [133–136] [137–144] [145] [146,147] 15 - Strong growth in LLM-enabled multi-agent planning. 
- Use of RAG to build taxonomies. 
- Real-time scaling and uncertainty handling still limited.

Production [148–150] [44,151–154] [155] [45,156–159] 14 - Active in G-code synthesis and HRC. 
- LLM agents orchestrate modular tasks. 
- Needs CPS/DT grounding for safe execution.

Monitoring and Control [160–164] [165–171] [172–174] [29,175–180] 21 - Most active category overall. 
- Growth in KG + LLM fault diagnosis. 
- Sensor/DT fusion emerging. 
- Online verification still inconsistent.

Repair and Maintenance [181–185] – – [186–188] 8 - Underexplored despite high potential. 
- Ontology-guided fine-tuning used. 
- Few validated field studies.

Training and Education [189,190] [191] [192,193] [194] 6 - Early-stage adoption. 
- AR/VLM + DT training shows promise. 
- Inclusivity and outcome evaluation limited.
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algorithms are mostly utilized in AM research, though their use remains 
limited [124]. Currently, no industrial applications or solutions are 
available. Tools like Midjourney are increasingly being employed to 
streamline design tasks before the printing phase or to generate initial 
design concepts for print files from text prompts [128]. These text inputs 
can also come from chatbots like ChatGPT, with the resulting 2D images 
serving as inputs for generating realistic 3D models [129]. The emer
gence of Text-to-image algorithms has also sparked greater interest in 
generative algorithms for creating 3D objects [130]. Recent progress in 
pre-trained Text-to-image diffusion models has led to the creation of 
text-to-3D algorithms capable of producing realistic 3D or CAD models 
from text prompts or 2D images [131].

4.2. Planning and scheduling

LLMs improve planning and scheduling by analyzing complex data
sets to develop optimized strategies and actionable insights. They can 
dynamically prioritize tasks, allocate resources, and simulate various 
scenarios, facilitating real-time adaptive decision-making for enhanced 
operational efficiency. Several studies have explored the applications of 
LLMs in smart factories [133–136], robotics [137–144], AM processes 
[145], and UM processes [146,147]. For instance, the work by Lim et al. 
[136] demonstrates the use of an LLM within a multi-agent framework 
to improve the responsiveness of manufacturing processes. As shown in 
Fig. 5, their proposed framework starts with a user prompt in natural 

language describing the desired product goal. An LLM agent then 
translates this into instructions, which guide other agents, initiating a 
chain of actions until the task is completed.

Moreover, LLMs are being integrated into DT systems for production 
planning and control. A novel approach [134] organizes production 
operations within a hierarchical structure based on the automation 
pyramid, utilizing LLM agents to interpret production data and generate 
process plans. This integration creates more intuitive production facil
ities with enhanced task automation and flexibility. LLMs are also being 
applied in multi-agent systems to manage production planning and 
scheduling. As discussed in [135], an LLM-based multi-agent 
manufacturing system was proposed to tackle challenges in 
multi-variety and small-batch production. The system utilizes LLMs to 
evaluate shop-floor conditions and select the most suitable machines for 
specific tasks. LLM-supported negotiations between agents ensure effi
cient resource allocation, optimize scheduling, and improve respon
siveness to fluctuating production needs.

In another study, the LLM A* framework [139] leverages the 
commonsense capabilities of LLMs to facilitate few-shot near-optimal 
path planning. This approach enables more efficient exploration of the 
search space and yields paths comparable to those of traditional algo
rithms, while outperforming reinforcement learning methods. In addi
tion, Yoneda et al. [140] introduced Statler, a framework that provides 
LLMs with a clear representation of the world state through a continu
ously updated 'memory.' By facilitating access to this world state 

Fig. 4. Integration of GPT-4 into Design for Manufacturing (DfM). GPT-4 can be used to select optimal manufacturing techniques based on a part’s features. 
Furthermore, it can propose and implement modifications to a design to improve its manufacturability, ultimately leading to more efficient production processes. 
Adapted from [122].

Fig. 5. Framework for LLM-Enabled Multi-Agent Manufacturing Systems. It demonstrates an overview of an LLM-enabled multi-agent manufacturing system 
framework, where users initialize agents with instructions and capabilities. Adapted from [136].
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'memory,' Statler enhances the ability of LLMs to reason about planning 
tasks that require long time horizons, thereby overcoming limitations 
related to context length. Similar models, such as EmbodiedGPT [141], 
grounded decoding (GD) [142], and ProgPrompt [144], have also been 
developed to help establish plans and execute tasks for robots.

To utilize LLMs in the planning/scheduling of manufacturing pro
cesses, Liu et al. [145] proposed an innovative named entity recognition 
(NER) framework. This framework leverages the advanced capabilities 
of LLMs to overcome the limitations of manually defined taxonomies. 
The authors integrated expert knowledge from both academic literature 
and LLMs through a method called retrieval-augmented generation 
(RAG). This approach allows for the automatic customization of tax
onomies tailored to specific manufacturing processes. In addition, Xu 
et al. [146] investigated the potential of integrating generative AI, 
specifically LLMs, into intelligent process planning. The researchers 
proposed a conceptual framework that combines LLMs and DTs to 
enhance the planning and scheduling of production processes. LLMs are 
utilized to model complex scenarios and generate process plans that can 
be verified and refined in real-time.

4.3. Production

LLMs have become indispensable tools for enhancing automation, 
streamlining processes, and facilitating informed decision-making in 
production. By analyzing extensive streams of real-time data from sen
sors and IoT devices, LLMs provide actionable recommendations for 
fine-tuning machine parameters, enhancing efficiency, and ensuring 
consistent product quality. Applications of LLM form production in 
different industrial sectors, including smart factories [148–150], ro
botics [44,151–154], AM processes [155], and UM processes [45, 
156–159] have been studied.

In the context of smart factories, LLMs are being integrated to 
enhance various aspects of manufacturing processes. The concept of a 
"Unified Industrial Large Knowledge Model Framework", as shown in 
Fig. 6, [149] is proposed to bridge the gap between general LLMs and 
domain-specific industrial knowledge, potentially revolutionizing In
dustry 4.0 and smart manufacturing. This framework emphasizes the 
importance of specialized domain knowledge in effectively addressing 
complex industrial applications. Another significant application is the 
development of LLM-based agents that work within modular production 
systems. For instance, in [150], the authors introduced a framework that 
combines LLMs with DTs and industrial automation systems. This inte
gration enables intelligent planning and control of production processes, 
where LLM agents interpret descriptive information in DTs and auton
omously orchestrate sequences of tasks.

Moreover, LLMs have been integrated with robotics to improve the 
HRC in assembly lines [152], assist operators with tool retrieval tasks 
[44], reduce cognitive workload, and improve efficiency [45]. For 
instance, in [152], the LLM-based system enhances human-robot 
collaboration by providing a natural language interface for operators 
and integrating real-time data through DTs. This allows for more intu
itive interactions and reduces the complexity of programming robots, 
making the system more user-friendly and efficient. The study demon
strated significant improvements in collaboration and efficiency, 
showcasing the potential of LLMs to streamline operations in smart 
factories. In [44], a vision and language cobot navigation system was 
proposed, where LLMs are used in human-centric smart manufacturing 
to assist operators with tool retrieval tasks. The integration of LLMs al
lows collaborative robots to understand natural language instructions 
and perform navigation tasks autonomously, significantly reducing in
terruptions in the manufacturing process.

Fig. 6. Proposed unified industrial large knowledge model framework. The domain instruction data are organized into three parts: first, the domain instruction, 
which identifies the problem’s domain and may include sub-tags for refined categorization; second, the in- put, which clearly outlines the current problem; and third, 
the output, which presents the corresponding solution. Adapted from [149].
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4.4. Monitoring and control

LLMs are also being integrated into quality control and fault diag
nosis systems to enhance the detection and analysis of defects in 
manufacturing. Application of LLM in monitoring and control for smart 
factories [160–164], robotics [165–171], AM processes [172–174], and 
UM processes [29,175–179]. One notable application is the CausalKGPT 
model [162], which combines causal knowledge graphs with LLMs to 
analyze quality-related defects in aerospace product manufacturing. 
This model, as shown in Fig. 7, improves the ability to identify the root 
causes of defects and provides a more accurate analysis by leveraging 
causal associations in quality-related data. In [163], a joint knowledge 
graph and LLM model were proposed for fault diagnosis in aviation as
sembly. The model uses graph-structured data within knowledge graphs 
to improve LLM-based reasoning, enhancing the ability to localize faults 
and generate troubleshooting solutions. By integrating knowledge 
graphs with LLMs, the model provides more accurate and efficient fault 
diagnosis in complex assembly processes. Another noteworthy applica
tion is in the area of CPS, as discussed in [164]. LLMs are used to 
enhance CPS intelligence by providing advanced reasoning and lan
guage comprehension capabilities. This integration allows CPS to 
operate with a higher degree of autonomy, making decisions based on 
real-time data and improving the overall responsiveness and efficiency 
of automated manufacturing systems.

LLM has been beneficial to robotics in a number of ways. The Mani- 
GPT paradigm [166] uses LLMs to manipulate robots in an interactive 
manner. This technology makes human-robot interaction more natural 
and adaptive by enhancing the responsiveness of robots in helping 
people with manipulation activities by comprehending human intent 
through discourse and creating appropriate manipulation plans. 
Furthermore, Sun et al. [167] looked at the use of LLMs for the 
all-encompassing control of humanoid robot movement. They demon
strated that LLMs can control humanoid robots with human-level per
formance by validating their work using university simulations. 
Research is also being done on employing different implementations of 

LLM models to provide commands that directly control a robot's actu
ators. Among these, the Google research team created the ground
breaking RT-1 [168], RT-2 [169], and AutoRT [122] projects, which 
result in improved performance on both known and unknown tasks. A 
layered architecture and modular design were used in [171] to translate 
natural language commands into executable tasks for UAVs (Unmanned 
Aerial Vehicles) and UGVs (Unmanned Ground Vehicles).

LLMs are also being used to enhance troubleshooting in AM. As 
explored by Badini et al. [172] and Fan et al. [173], LLM was employed 
to address common issues in AM, such as bed detachment and warping 
and the G-code generation process, respectively. Additionally, LLMs are 
being fine-tuned for quality control tasks through error-assisted 
learning. An error-assisted fine-tuning technique was presented in 
[178] to modify LLMs especially for the manufacturing industry. This 
technique enhances the LLM's capacity to recognize important compo
nents inside the domain and produce trustworthy code in answer to 
manufacturing inquiries. In addition, a recent study by Fan et. al., [180]
has demonstrated the application of a vision language model (VLM) in 
in-situ monitoring and control. They concluded that In anomaly detec
tion and process monitoring, their model, MaViLa, demonstrates 
improved performance when abstract manufacturing defects are 
described using concrete, familiar analogies.

4.5. Repair and maintenance

Repair and maintenance processes have been significantly trans
formed with the adoption of LLMs, which have introduced new para
digms for reducing downtime and optimizing equipment performance. 
In comparison to other applications, the integration of LLMs with repair 
and maintenance in the industry has not been given adequate attention 
and is mostly focused on smart factories [181–185] and UM processes 
[186–188]. For instance, a domain knowledge base has been created 
from manuals about troubleshooting, operations, and maintenance 
expertise, aiding in fault identification and guidance for wind turbines 
[182]. In a separate study, Wang et al. [195] introduced an intelligent 

Fig. 7. CasualKGPT aims to integrate causal knowledge graphs with LLMs to analyze quality-related defects in aerospace product manufacturing. The proposed 
method is mainly divided into two stages. (i) The quality-related corpus data selected from documents in aerospace manufacturing are cleaned. Then, the structure is 
designed to build a high-quality causal knowledge graph. (ii) On this basis, they fine-tune a LLM by taking ChatGLM as a base model and designing a causal 
knowledge graph-guided P-tuning strategy. Adapted from [162].

M.S. Bajestani et al.                                                                                                                                                                                                                            Journal of Manufacturing Systems 86 (2026) 913–941 

924 



maintenance assistant designed for aircraft service technicians. The 
research involved a fine-tuned GPT-3.5 model, with the fine-tuning 
process incorporating an integrated dataset that merges aircraft struc
ture ontology with a curated maintenance log (Fig. 8). The authors noted 
that the ontology data provided the LLM with domain-specific, hierar
chically structured knowledge, which helped to clarify ambiguities 
related to similar component names across different sub-components of 
the aircraft.

Additionally, Wang et al. [188] introduced a maintenance frame
work designed to support intelligent decision-making focused on safety 
and reducing defective products. Built on an LLM enhanced with pro
prietary knowledge and a LoRA-finetuned large vision model, the 
framework was tested in a wafer manufacturing environment, demon
strating outstanding performance in visual problem analysis and solu
tion recommendations. Similarly, [184,185] proposed a semantic search 
framework for maintenance decision support. The Technical Language 
Processing (TLP) system uses a fine-tuned BERT model to process 
complex industrial texts. The authors validated the TLP pipeline’s 
effectiveness with aviation and mining industry-specific maintenance 
data, achieving search return precision rates of 0.97 and 0.94, 
respectively.

Without a doubt, LLMs may offer crucial assistance when performing 
repairs. Thanks to their multimodal capabilities, they can provide 
detailed repair instructions in various formats, including interactive 
manuals and annotated photographs. Repairs can be completed effec
tively since technicians can communicate with the models to ask ques
tions or consider different strategies. Additionally, LLMs serve as 
archives of organizational knowledge, providing new technicians with 
access to best practices and previous solutions.

4.6. Training and education

Training and education in industrial settings have undergone a sig
nificant transformation with the integration of LLMs. These models offer 
interactive and personalized learning experiences tailored to the diverse 
needs of employees across various skill levels. Workers can use LLM- 
powered systems to acquire new technical skills or deepen their un
derstanding of complex industrial processes. By leveraging advanced 

natural language interfaces, these systems deliver immediate feedback 
and clarification, making learning more engaging, efficient, and adapt
able. The Integration of LLM with training and education in different 
industrial sectors, such as smart factories [189,190], robotics [191], AM 
processes [192,193], and UM processes [194], has been explored.

For instance, LLMs are being used in AM training programs, espe
cially for non-experts. A unique training system that integrates a VLM 
and AR within a DTs framework was presented in [192]. With the help of 
visual overlays that walk learners through intricate industrial proced
ures, this system offers an immersive learning environment. Using LLMs 
to improve knowledge sharing in manufacturing settings is another 
example. LLMs were included in a system designed to retrieve data from 
expert knowledge and manufacturing documentation, as described in 
[190]. On the manufacturing floor, this technology enables operators to 
make informed decisions and resolve issues by providing them with 
rapid access to relevant information. The study also emphasized how 
crucial it is to keep learning and adapting because user interactions 
could cause the LLM system to change over time, increasing its effec
tiveness even more. Additionally, Westphal et al. [196] developed a 
chatbot that uses Fused Deposition Modelling (FDM) and a dedicated 3D 
printer to help novice users navigate the 3D printing process. The 
chatbot begins by offering fundamental knowledge about the process, 
explains the overall workflow, and then provides step-by-step guidance 
throughout the printing process, as shown in Fig. 9.

LLM finds great application in many other fields. LLMs, for example, 
can replicate realistic, scenario-based training courses, therefore 
providing staff members with a controlled environment in which to 
practice decision-making and issue resolution. This enhances self- 
esteem and ensures that children are prepared for real-world situa
tions. Furthermore, LLMs simplify the process of developing tailored 
training courses designed to meet specific job roles and corporate ob
jectives, facilitating long-term competency development. LLMs create 
content that fills in knowledge gaps and provide a personalized learning 
route by examining job descriptions, past performance information, and 
individual learning tendencies. LLMs also enable the creation of training 
modules tailored to each function and educational requirement.

Fig. 8. Ontology-integrated tuning of LLM for predictive maintenance. The ontology of aircraft structure is first investigated to curate the original maintenance logs 
into conversational data. The conversational data is used as input to fine-tune the GPT-3.5 model, enabling it to achieve a contextual understanding of the com
ponents’ hierarchical structure. Adapted from [195].
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4.7. Emerging trends and research gaps

Across the 76 papers for the analysis in this Section, activity clusters 
center on monitoring and control, as well as planning and scheduling, 
where LLMs are increasingly paired with knowledge graphs, retrieval- 
augmented generation, and multi-agent patterns to reason over plant 
states and coordinate tasks. Production exhibits steady growth in code 
synthesis and HRC but still relies on CPS and DT grounding to ensure 
executable safety and feasibility. Design and simulation benefit from 
LLM-assisted DfM and emerging text-to-3D workflows in AM, though 
most remain prototype-level and sensitive to hallucination without 
verification [197]. In contrast, repair and maintenance, as well as 
training and education, are comparatively underexplored, despite their 
clear potential for reducing downtime and providing operator support. 
These distributional imbalances, together with the limited and uneven 
treatment of uncertainty, verification, and human oversight, reinforce 
the fact that simply combining LLMs with CPS or DTs is insufficient; 
tangible progress requires their integration within LLM-HSM so that 
VV&UM and HITL systematically close reliability and inclusivity gaps 
while scaling to real shop-floor conditions. Several key research gaps 
persist, limiting the development of intelligent, verifiable, and 
human-aligned manufacturing systems. These gaps form the foundation 
for the proposed LLM-HSM framework. 

• Fragmented and task-specific implementations: Most studies employ 
LLMs for isolated functions such as design generation, process 
planning, code synthesis, or fault diagnosis within specific industrial 
sectors. There is no unified architecture that integrates these func
tionalities across the full manufacturing lifecycle, from design to 
maintenance and operator training. Consequently, current ap
proaches fail to capture the interdependencies among perception, 
cognition, control, and feedback [198]. The absence of an end-to-end 
structure prevents scalable knowledge transfer between domains and 
restricts the potential for continuous learning and adaptation.

• Limited integration with CPS and DT: Although several studies 
demonstrate LLM-CPS or LLM-DT integrations [199–201], these are 
typically ad hoc and lack formalized data flows, interface standards, 
and control boundaries. As highlighted in Section 4.7, production 
systems still depend on CPS or DT grounding to ensure executable 
safety, yet current approaches rarely define how this grounding oc
curs or how data fidelity is maintained. Without explicit architec
tural coupling, LLM outputs remain context-sensitive and prone to 
hallucination or unsafe execution when transferred to physical 
environments.

• Deficiencies in VV&UM: Hallucination, overconfidence, and incon
sistent online verification recur across reviewed applications, 
particularly in high-precision manufacturing. While certain studies 
incorporate error-assisted fine-tuning [89] or causal reasoning, these 
mechanisms remain problem-specific and lack generalizability [34]. 
There is currently no systematic approach for embedding VV&UM 
processes within LLM-enabled manufacturing architectures. This 
shortfall limits trust, reproducibility, and regulatory acceptance.

• Weak modelling of human roles and collaboration mechanisms: Despite 
frequent references to human-in-the-loop and human-robot collab
oration, the literature seldom formalizes how human judgment in
teracts with AI reasoning or how feedback is integrated into system 
learning. Operators typically act as prompt-givers or passive super
visors rather than active collaborators in the decision cycle. More
over, inclusivity, explainability, and operator adaptability are 
inconsistently addressed, particularly in training and education 
contexts. A structured definition of human roles, feedback channels, 
and adaptive interfaces is required to achieve genuine human-centric 
manufacturing aligned with Industry 5.0 principles.

• Lack of benchmarking frameworks and evaluation criteria: Current 
research provides valuable prototypes and conceptual models but 
lacks standardized criteria for assessing cognitive, collaborative, and 
operational performance. Comparative evaluation of alternative ar
chitectures is rarely feasible due to the heterogeneity of methods and 
datasets. As noted by several recent relevant works [32,199,202, 
203], research efforts increasingly highlight this methodological 
gap, emphasizing the need for reproducible benchmarks that connect 
reasoning quality, collaboration efficiency, and human oversight 
within LLM-driven environments.

• Absence of a holistic, Industry 5.0-oriented perspective: Finally, most 
reviewed studies operate within an Industry 4.0 and 5.0 paradigm, 
emphasizing automation and optimization. Few frameworks explic
itly align LLM-enabled manufacturing with the broader Industry 5.0 
goals of resilience, sustainability, and human-centricity.

These gaps highlight the need for an approach that integrates 
cognitive intelligence with human oversight and cyber-physical 
grounding. In an attempt to address these deficiencies, we synthesized 
an exemplar conceptual structure, LLM-HSM, which systematically in
tegrates large language models, human feedback mechanisms, digital 
twin systems, and verification/validation processes into a unified ar
chitecture. This initiative aims to operationalize adaptive learning, 
enhance resilience, and promote human-centric collaboration in next- 
generation manufacturing.

5. Exemplar conceptual structure of HITL and LLM integration

In this section, LLM is integrated with the already-developed H-SM 
framework [21], based on the literature and the identified gaps in the 
previous Section, to generate an exemplar and forward-looking struc
ture, as shown in Fig. 10. It is built upon four key components: HITL, 
CPS, LLM, and VV&UM. The HITL module ensures seamless human-AI 
collaboration by providing intuitive user interfaces, workflow manage
ment, immersive environments, and decision-support systems, allowing 
operators to interact with and refine AI-driven processes. The CPS 
module bridges the gap between digital and physical manufacturing 
environments by integrating real-time data acquisition from IoT sensors 
and actuators with advanced DT simulations, enabling predictive anal
ysis and adaptive process control. The LLM module serves as the 
AI-driven decision-making core, encompassing pre-training, 

Fig. 9. Process flow from text prompt, via a Text-to-3D algorithm, to the printed component. Adapted from [193].
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architecture development, post-training adaptation, and real-time de
cision assistants to optimize production, automation, and 
human-machine interaction. Finally, the VV&UM module ensures the 
safety, reliability, and accountability of AI-driven manufacturing de
cisions through data integrity checks, risk management systems, un
certainty quantification, and performance assurance mechanisms.

LLM-HSM can be situated within the broader paradigm of hybrid 
intelligence, which emphasizes the deliberate integration of human 
cognitive adaptability with machine-based computational capabilities to 
achieve outcomes neither could realize alone [204,205]. In this context, 
humans provide contextual reasoning, creativity, and ethical oversight, 
while LLMs and CPS infrastructures contribute scalability, speed, and 
data-driven insights. This symbiosis reflects a core principle of Industry 
5.0, where human and artificial intelligences are designed to comple
ment rather than compete.

5.1. Human-in-the-loop

The HITL module comprises four key components: user interface, 
workflow management, immersive environment, collaborative interac
tion, and decision support system. To facilitate cooperative decision- 
making and supervision in smart manufacturing processes, the HITL 
module serves as a crucial interface between human operators and the 
CPS [206]. The user interface component ensures smooth engagement 
by providing user-friendly tools, such as dashboards, augmented reality 
overlays, and multimodal inputs like speech and gesture detection. 
Thanks to this component, humans can effectively monitor and control 
automated processes, which improves operator situational awareness 
and streamlines complex operations [207]. Workflow management also 
streamlines resource allocation and task organization, guaranteeing 

seamless execution of operations for a variety of stakeholders. It reduces 
bottlenecks and inefficiencies by prioritizing processes and providing 
real-time updates through the integration of AI-driven insights.

To provide improved operator training, simulation, and real-time 
interactions with DTs, the HITL module also integrates an immersive 
environment, utilizing technologies such as AR and VR. By bridging the 
gap between virtual models and physical systems, these environments 
offer an interactive, hands-on experience that empowers operators to 
make well-informed decisions. This module is completed by the 
collaborative interaction and decision support system, which serves as a 
hub for collaboration between humans and machines. It guides users 
through challenging problem-solving scenarios, promotes collaboration 
in interdisciplinary settings, and offers actionable insights using so
phisticated AI models and visualization tools. This comprehensive 
strategy ensures that human knowledge will always be integral to sys
tem functioning, thereby enhancing the robustness and adaptability of 
industrial workflows. This module addresses the gap of human exclusion 
in fully automated systems [208] by preserving adaptability, contextual 
reasoning, and ethical oversight [3]. This ensures that LLM outputs 
remain aligned with human judgment and organizational goals.

5.2. Cyber-physical system

The CPS module has two components: physical entity (PE) and DT, 
where the former consists of IoT sensors and actuators and a data 
acquisition system, and the latter consists of simulation/modeling and 
control/decision support. The CPS module forms the backbone of smart 
manufacturing, integrating physical and digital domains to achieve real- 
time process monitoring, simulation, and control. The PE component 
includes IoT sensors, actuators, and a robust data acquisition system that 

Fig. 10. Exemplar conceptual structure of large language model integrated with the human-in-the-loop-based smart manufacturing (LLM-HSM).
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collectively enable the collection and transmission of real-world oper
ational data. These sensors provide critical metrics such as temperature, 
pressure, and vibration, while actuators allow responsive adjustments to 
ensure system stability. The data acquisition system ensures that this 
information is accurately captured, filtered, and relayed to the DT for 
further analysis, bridging the gap between physical assets and their 
virtual counterparts [209].

The DT component is pivotal in mirroring the physical system and 
enabling predictive analysis, optimization, and decision-making. This 
component includes simulation/modeling tools replicating real-world 
processes to test scenarios, identify potential failures, and optimize op
erations before implementation. The control and decision-support sub
component uses advanced algorithms to process real-time data and 
recommend actionable insights, ensuring system efficiency and reducing 
downtime [3]. Together, these components enable robust hardware and 
software integration, paving the way for real-time, adaptive, and intel
ligent manufacturing systems that can respond dynamically to evolving 
demands. The CPS module closes the gap between abstract LLM 
reasoning and physical reality by grounding decisions in sensor data, 
process models, and DT simulations. This prevents the detachment of 
LLM outputs from operational constraints, ensuring actionable and 
validated recommendations.

5.3. Large language model

LLMs form the core of the LLM-HSM structure, enabling advanced 
decision-making, automation, and human-machine interaction in smart 
manufacturing environments. At a high level, this section outlines the 
key stages in developing and deploying LLMs: pre-training, architecture 
development, training, post-training adaptation, and real-time decision 
assistance. Pre-training involves exposing the model to vast amounts of 
data to develop a foundational understanding of language. The archi
tecture defines how the model processes information, leveraging scal
able designs like the Transformer structure. Training refines the model's 
capabilities through specialized datasets and optimization techniques, 
while post-training focuses on fine-tuning the model for specific tasks or 
aligning its outputs with human values. Finally, the real-time decision 
assistant leverages these capabilities to provide actionable insights 
during manufacturing operations. The LLM module provides natural 
language interaction, knowledge integration, and contextual reasoning, 
directly addressing the challenge of accessibility and inclusivity in 
existing human-machine interfaces [210]. Below, we delve into each of 
these components in greater detail.

5.3.1. Pre-training
Compared with small-scale language models, LLMs require sub

stantially larger volumes of high-quality data during pre-training, and 
their capacity and generalization ability are strongly shaped by both the 
composition of the pre-training corpus and the preprocessing strategies 
applied to it [65,211,212]. Contemporary LLMs are typically trained on 
heterogeneous textual data drawn from multiple sources, which can be 
broadly grouped into general-purpose data, such as webpages, books, 
and conversational text, and specialized data [67,213]. After data 
collection, rigorous preprocessing is essential to remove noise, redun
dancy, irrelevant content, and potentially harmful or sensitive infor
mation, as these factors have a direct impact on model robustness and 

downstream performance [214,215]. Recent efforts, such as Data Juicer, 
provide systematic toolchains for LLM-oriented data processing, offering 
extensive operators to support filtering, deduplication, privacy reduc
tion, and tokenization [216]. A typical preprocessing workflow is 
illustrated in Fig. 11. Beyond preprocessing, effective data scheduling 
during pre-training is also critical, requiring careful control over both 
the proportion of different data sources in the training mixture and the 
order in which they are introduced, since these choices influence 
convergence behavior, knowledge retention, and the balance between 
general and specialized capabilities.

5.3.2. Architecture Development
The Transformer architecture, recognized for its parallel processing 

efficiency and scalability, has become the dominant foundation for LLM 
development, enabling models to scale to hundreds or even thousands of 
billions of parameters [59]. Modern LLM architectures can be broadly 
categorized into three types: encoder-decoder, causal decoder, and 
prefix decoder. The original Transformer adopts an encoder-decoder 
structure, where stacked self-attention layers in the encoder generate 
latent representations of the input sequence and the decoder applies 
cross-attention to autoregressively produce outputs, an approach that 
underpins pretrained language models such as T5 [217] and BART [218]
and has been extended to LLMs like Flan-T5 [219]. In contrast, causal 
decoder architectures rely on unidirectional attention masks that restrict 
each token to attending only to preceding tokens, processing inputs and 
outputs within a single decoder stack, as exemplified by the GPT family, 
with GPT 3 demonstrating strong in-context learning capabilities at 
scale [61,64,211]. Prefix decoder architectures, also referred to as 
non-causal decoders [220], further modify this masking strategy by 
allowing bidirectional attention over prefix tokens [221] while preser
ving autoregressive generation for output tokens, thereby combining 
encoder-like contextual encoding with decoder-style generation using 
shared parameters. Rather than training from scratch, prefix decoders 
are often obtained by continuing training from causal decoders to 
accelerate convergence [222], as illustrated by U PaLM [223] derived 
from PaLM [65], with representative models including GLM 130B [224]
and U PaLM [223].

5.3.3. Training
As model and data sizes continue to grow, training LLMs efficiently 

under limited computational resources has become increasingly chal
lenging. Two main technical issues need to be addressed: enhancing 
training throughput and accommodating larger models within GPU 
memory. Several commonly used approaches to tackle these challenges 
include 3D parallelism [225,226] and mixed-precision training [227]. 
However, a detailed discussion of these methods is beyond the scope of 
this research.

The training of LLMs requires specific optimization techniques, 
scalable training methods, and memory-efficient approaches to improve 
efficiency and stability. Batch training plays a crucial role in pre- 
training, with state-of-the-art LLMs such as GPT-3 and PaLM utilizing 
dynamic batch size scaling from 32 K to 3.2 M tokens to enhance sta
bility and throughput [65]. The learning rate follows a warm-up and 
decay strategy, which gradually increases in the early training phase and 
later decreases using a cosine decay schedule, optimizing convergence. 
Optimizers such as Adam [228] and AdamW [229] are commonly 

Fig. 11. Data preprocessing pipeline for pre-training LLMs.
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employed, while Adafactor [230] is used in memory-constrained envi
ronments like PaLM and T5. As model sizes increase, scalable training 
techniques are required to manage computational resources efficiently. 
3D parallelism, which combines data parallelism, pipeline parallelism, 
and tensor parallelism, is widely used to increase training throughput 
[231]. Data parallelism distributes training data across multiple GPUs, 
reducing memory constraints, while pipeline parallelism assigns 
consecutive model layers to different GPUs to optimize communication 
overhead [225,226]. Tensor parallelism further splits model weight 
matrices across GPUs, enabling large models to be trained efficiently 
while maintaining gradient synchronization. Open-source frameworks 
such as Megatron-LM, Colossal-AI, and DeepSpeed have implemented 
these techniques to scale training efficiently [232–234].

To further reduce computational costs, mixed precision training is 
employed, where 16-bit floating-point (FP16) and Brain floating-point 
(BF16) formats replace traditional 32-bit floating-point (FP32) calcula
tions [227]. While FP16 reduces memory usage and increases compu
tational efficiency on GPUs like NVIDIA A100, it may lead to precision 
loss, which BF16 mitigates by providing more exponent bits for 
improved representation accuracy [235]. Additionally, predictable 
scaling mechanisms have been introduced in GPT-4, allowing model 
performance forecasting with smaller models to optimize early-stage 
training [236]. In practice, multiple techniques are combined to maxi
mize training efficiency. For example, BLOOM was trained using 8-way 
data parallelism, 4-way tensor parallelism, and 12-way pipeline paral
lelism across 384 NVIDIA A100 GPUs [235]. Open-source libraries such 
as DeepSpeed, PyTorch, and Alpa now provide built-in support for these 
techniques, including fully sharded data parallelism (FSDP) and ZeRO 
memory optimization, enabling the training of large models with min
imal redundancy [237–239].

5.3.4. Post-training
After pre-training and training, LLMs develop generalized capabil

ities for solving a wide range of tasks. However, research has increas
ingly demonstrated that these capabilities can be further refined and 
adapted to meet specific objectives. Two primary approaches for 
adapting pre-trained LLMs are instruction and alignment tuning [10]. 
Instruction tuning focuses on enhancing or unlocking new abilities 
within the model, enabling it to perform specialized tasks more effec
tively. In contrast, alignment tuning ensures that the model’s behavior 
aligns with human values, ethical considerations, or user preferences. 
Additionally, efficient tuning and quantization techniques are essential 
for optimizing LLMs in resource-constrained environments.

Instruction tuning is a fine-tuning approach that adapts pre-trained 
LLMs using a structured collection of natural language instructions 
[240]. This method is closely related to supervised fine-tuning [241] and 
multi-task prompted training [242]. The process begins with curating or 
constructing instruction-formatted instances, which are then used to 
fine-tune the LLM through supervised learning techniques, such as 
training with a sequence-to-sequence loss function. Studies have shown 
that after instruction tuning, LLMs exhibit enhanced generalization ca
pabilities after instruction tuning, allowing them to effectively perform 
unseen tasks [219,240], including applications in multilingual envi
ronments [243]. A recent survey provides a comprehensive review of 
advancements in instruction tuning research, highlighting its impact on 
improving model adaptability and task performance [244].

5.3.5. Real-time decision assistant
The real-time decision assistant exploits the capabilities of LLMs to 

support immediate and context aware decision making in smart 
manufacturing environments by integrating real time data streams, 
expert knowledge, and adaptive learning mechanisms to assist human 
operators and automated systems, with the objective of improving 
operational efficiency, reducing errors, and enhancing overall system 
performance [118]. By processing heterogeneous inputs from sensor 
networks, manufacturing execution systems, human computer 

interfaces, and historical records, the LLM can analyze evolving condi
tions, identify correlations, and generate actionable insights through its 
natural language processing and long context handling capabilities, 
which is critical in manufacturing settings where system states change 
rapidly [245]. This component also strengthens human machine inter
action through personalized and multimodal communication, enabling 
operators to query the system in natural language, receive 
context-aware guidance, and better understand complex processes 
[246], thereby supporting informed decision making [247].

Continuous feedback loops allow the LLM to refine its recommen
dations based on observed outcomes, ensuring ongoing improvement in 
relevance and accuracy [248]. Rather than operating in isolation, the 
real-time decision assistant is embedded within a broader smart 
manufacturing ecosystem and interoperates with complementary tech
nologies, such as knowledge graphs, digital twins, and heuristic algo
rithms, to enhance interpretability, facilitate simulation-based 
evaluation of production scenarios, and support informed control de
cisions. Through this integration, routine cognitive tasks can be off
loaded from human operators, reducing mental workload while 
maintaining human supervision, and in more advanced configurations, 
the LLM can autonomously execute specific functions such as design 
selection, process planning, equipment monitoring, CNC programming, 
and simulation-driven evaluation, thereby fostering an efficient and 
collaborative human-machine environment [118].

5.4. Verification, validation, and uncertainty management

The VV&UM module is crucial for ensuring the reliability, safety, and 
trustworthiness of an LLM-HSM system. It incorporates five key com
ponents: authentication and authorization algorithms, data integrity 
checks, uncertainty quantification models, risk management systems, 
and performance and quality assurance. As highlighted by Holzinger 
et al. [249], there is an urgent need for collaborative approaches to 
reevaluate oversight mechanisms in a time when AI could surpass 
human capabilities in comprehension. The goal is to create a robust 
system that can operate effectively in dynamic and complex 
manufacturing environments. This module mitigates core limitations of 
LLMs, such as hallucination, overconfidence, and lack of explainability, 
by embedding structured mechanisms for uncertainty estimation, veri
fication against domain rules, self-reflection, and continuous validation 
through simulation and expert feedback [197,198,250]. This module 
incorporated the following components. 

• Authentication and Authorization Algorithms: This component focuses 
on securing the system by ensuring only authorized users and devices 
can access it [251]. It uses robust algorithms to verify user identities 
and permissions, preventing unauthorized access and potential sys
tem misuse. Access control and encryption are implemented for data 
at rest and in transit to prevent data leaks. This ensures that sensitive 
data and processes are protected from both internal and external 
threats.

• Data Integrity Checks: Data integrity is paramount for reliable system 
operation; therefore, this component is designed to ensure that the 
data used in the system is accurate, consistent, and complete. 
Techniques such as data validation are used to maintain the quality 
of input data and detect any anomalies introduced by adversarial 
attacks. Additionally, quality filtering, data deduplication, and pri
vacy reduction methods are employed to prepare the data for LLM 
training and implementation, thereby reducing data complexity and 
mitigating overfitting [54]. This involves conducting regular audits 
and monitoring the model's outputs to detect and address uninten
tional disclosures of sensitive information promptly.

• Uncertainty Quantification Model: This component addresses the 
inherent uncertainties in LLM predictions and manufacturing pro
cesses. It aims to quantify the level of uncertainty associated with 
LLM outputs, helping decision-makers assess the reliability of the 
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information provided by the system [248]. Methods include exam
ining token probabilities and logits to determine output uncertainty, 
where a lower probability indicates a higher chance of hallucination 
[10]. Additionally, consistency checks involving multiple responses 
to the same question or using the LLM to reconstruct input questions 
from its response are used to assess the reliability of the model’s 
outputs. The system can use external knowledge bases and contras
tive learning techniques to mitigate uncertainty [75].

• Risk Management Systems: This component proactively identifies, 
evaluates, and mitigates potential risks associated with the operation 
of the LLM-based system. This includes adversarial testing, where 
ethical hackers attempt to exploit the model to identify vulnerabil
ities. The system monitors for data poisoning, adversarial prompting, 
and concept drift, all of which can degrade the model’s performance. 
It incorporates mechanisms for handling model failures to maintain 
system safety and reliability [251].

• Performance and Quality Assurance: This component is responsible for 
continuously monitoring and evaluating the performance of the LLM 
and the overall system. It utilizes standardized evaluation metrics, 
such as BERT Score (precision, recall, F1-score), and others suitable 
for the specific tasks performed by the LLM. F1-micro and F1-macro 
scores are used to measure classification performance [251], while 
BLEU-4, ROUGE-L, and pass@10 are also employed in some cases to 
evaluate language generation [10]. This component oversees 
cross-validation, testing against real data, and employing feature 
mapping methods to ensure robustness and reliability. The contin
uous feedback loop from performance monitoring helps in adaptive 
learning and the ongoing refinement of the system [246]. This in
cludes monitoring the model for biases and ensuring the model is not 
generating harmful or toxic content.

In summary, the VV&UM module is grounded in the established 
discipline of verification, validation, and uncertainty quantification 
(VVUQ), long applied in simulation-based engineering and cyber- 
physical systems [252]. By embedding structured validation, explain
ability, and confidence estimation into LLM-driven decision processes, 
the module directly addresses recognized risks such as hallucination, 
overconfidence, and lack of transparency, ensuring alignment with 
trustworthy AI principles in manufacturing [14].

5.5. Flow of information

LLM-HSM orchestrates information across four modules so that data, 
models, and human judgment reinforce one another. The primary loop 
begins in the PE, where IoT sensors and actuators generate real-time 
telemetry. A data acquisition layer filters and forwards this stream to 
the DT for state estimation and predictive simulation. DT outputs, cur
rent operating state, constraint checks, and what-if forecasts are then 
provided to the LLM, which fuses these signals with domain knowledge 
to produce context-aware recommendations. These recommendations 
are presented through HITL interfaces (dashboards, AR overlays, deci
sion support), where operators validate or adjust them. Approved ac
tions are issued back to the PE for execution, closing the loop.

Two auxiliary paths strengthen robustness and responsiveness. First, 
direct human control via HITL allows operators to monitor or intervene 
in CPS without traversing the LLM when urgent manual actions are 
required (e.g., safety stops or parameter overrides). Second, a real-time 
decision-assistant path enables operators to query the LLM on demand 
(explanations, alternatives, reports) while maintaining traceability to 
the DT state and plant constraints. Throughout all loops and paths, the 
VV&UM module operates continuously, authenticating access, verifying 
data integrity, quantifying uncertainty in LLM outputs, and enforcing 
validation against domain rules and DT simulations before recommen
dations are enacted. This integrated flow ensures recommendations are 
grounded (CPS data), auditable (VV&UM checks and uncertainty 

exposure), and human-aligned (HITL oversight). By coupling fast, data- 
driven inference with expert judgment and explicit validation, the 
structure avoids over-automation and reduces the risk of ungrounded or 
overconfident outputs, thereby delivering clear and reproducible in
formation pathways.

5.6. Integration rationale

Each module in the LLM-HSM structure addresses different gaps in 
current manufacturing systems, but their true potential emerges when 
they operate in concert. The complementarities between these modules 
are essential for bridging limitations observed in prior work. Studies on 
digital twins in manufacturing, for example, demonstrate their effec
tiveness in process monitoring and predictive control, but also highlight 
difficulties in adapting models to rapidly changing conditions without 
human oversight [253]. Similarly, research on LLM-enabled digital 
twins shows promise in automating tasks such as fault detection or 
scheduling, yet acknowledges vulnerabilities to hallucinations and 
overconfidence when applied in safety-critical contexts [254]. By inte
grating HITL, we ensure that such limitations are counterbalanced by 
human reasoning, while VV&UM provides transparency and uncertainty 
estimation to prevent over-reliance on machine outputs. This interplay 
among modules prevents the system from becoming either overly 
automated or excessively dependent on fallible human judgment.

A further rationale for integration lies in mitigating typical failure 
modes of LLMs within manufacturing environments. Hallucination and 
lack of grounding are countered through DT simulation and sensor- 
based validation, which constrain generative outputs within feasible 
process boundaries. Overconfidence and limited explainability are 
mitigated through VV&UM modules that embed confidence scoring, 
error tracking, and structured validation pipelines, echoing recent calls 
for trustworthy AI in industrial applications [14]. The risks of operator 
exclusion or steep learning curves are reduced by natural language in
terfaces provided by LLMs, while HITL ensures that inclusivity and 
ethical oversight remain central. In this way, integration is not a design 
choice of convenience but a necessity to ensure that the weaknesses of 
one module are consistently compensated by the strengths of another, 
yielding a reliable, adaptive, and human-aligned system for 
next-generation manufacturing.

5.7. Mapping manufacturing KPIs to the modules

While Section 2.2.3 reviews manufacturing-specific key performance 
indicators reported in recent LLM-enabled manufacturing studies, their 
role within the proposed LLM-HSM structure requires explicit clarifi
cation. As an exemplar conceptual structure, LLM-HSM does not claim 
direct numerical optimization of KPIs; instead, it defines the functional 
responsibilities through which different system modules influence per
formance outcomes. Mapping KPIs to these modules clarifies how 
human centricity, cyber-physical integration, language-based reasoning, 
and reliability assurance jointly contribute to measurable 
manufacturing objectives. This mapping also strengthens the connection 
between the background review and the conceptual contribution by 
illustrating how reviewed KPIs can be operationally interpreted within 
the proposed framework. Table 4 summarizes representative 
manufacturing KPIs and associates them with the LLM HSM modules 
that primarily govern or influence them, together with the underlying 
mechanisms of influence.

6. Features and technologies

6.1. Identification of key enabling features and technologies

The successful implementation of the LLM and HITL concepts in 
smart manufacturing relies on several key enabling features and tech
nologies that ensure seamless human-AI collaboration, real-time 
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decision-making, and process optimization. They bridge the gap be
tween advanced AI capabilities and practical manufacturing constraints, 
allowing LLMs to function effectively in dynamic industrial environ
ments. This integration enhances flexibility, reliability, and operational 
efficiency by integrating intelligent automation, adaptive CPS, HITL 
interaction, and rigorous verification mechanisms. This section exam
ines the fundamental components that enable LLM and HITL, including 
interactive human-machine interfaces, real-time DT integration, LLM- 
driven contextual decision support, and robust verification and uncer
tainty management techniques. These features and technologies 
collectively enable a smarter, safer, and more adaptable manufacturing 
ecosystem, ensuring that AI-driven innovations align with industry re
quirements and human expertise.

Key-enabling features and technologies were identified based on 
their frequency of appearance in reviewed papers extracted using the 
methodology outlined in Section 2, as well as relevant studies and dis
cussions among the co-authors. They were categorized based on their 
applications in each module. Fig. 12 schematically presents to which 
module each feature and technology belongs. Some of them are common 
between two or even three modules, while some are only in corre
spondence with one of the modules. For instance, Knowledge Graph 
(KG) is used in both LLM and VV&UM modules, while High-performance 
computers are employed for all modules. This is presented by separated 
ribbons in Fig. 12. In addition, for a common understanding, these terms 
are redefined based on the literature to establish a common ground for 
future research.

Table 5 lists the definitions and examples of the thirty-four key- 
enabling features and technologies.

6.2. Synergies and trade-offs

The key enabling technologies identified in Section 6.1 do not 
function as independent add-ons; their value arises from their compo
sition within LLM-HSM, which supports HITL decision-making. In the 
proposed architecture, the LLM does not operate as a monolithic black- 
box assistant but rather as a cognitive hub that interfaces with all 

modules. This composition yields several capabilities that existing 
frameworks do not combine systematically. First, it enables the system 
to generate explanations and recommendations that are both natural 
language and structurally consistent with plant semantics (e.g., 
machine-product-operation relationships), rather than free-text sug
gestions detached from the actual asset model. Second, it enables divi
sion of labor between agents specialized for scheduling, code synthesis, 
maintenance, or training tasks, while the HITL and VV&UM modules 
retain global oversight and safety constraints. This differs from classical 
CPS architectures, where optimization and diagnosis modules are usu
ally task-specific and cannot flexibly reconfigure their roles in response 
to new instructions or organizational changes. Third, by embedding 
digital twins into the loop as simulation and verification back-ends, 
LLM-generated plans and control suggestions can be stress-tested and 
refined before deployment, enabling a form of self-correcting behavior 
[114] that is not present in static knowledge-based or purely data-driven 
pipelines.

At the same time, LLM-HSM makes explicit trade-offs between au
tonomy, coordination, fidelity, and responsiveness. Increasing agent 
autonomy (e.g., allowing scheduling or maintenance agents to execute 
actions semi-independently) can improve responsiveness and reduce 
human workload, but it also raises the risk of local decisions that conflict 
with global production objectives or safety policies. Integrating HITL 
and LLM with smart manufacturing through structures such as LLM- 
HSM addresses this by routing critical actions through the VV&UM 
and HITL modules, which act as coordination and override points rather 
than simple monitoring components. Similarly, enriching the knowledge 
graph with fine-grained process, asset, and safety constraints improves 
the fidelity and interpretability of LLM reasoning, but also increases the 
cost of maintaining the graph and can introduce latency in real-time 
scenarios. LLM-HSM explicitly separates slow-changing structural 
knowledge (e.g., process routes, capabilities, safety rules) from fast- 
changing operational data (e.g., sensor readings, work-in-progress 
(WIP)), delegating the former to the knowledge graph and the latter to 
DT/CPS streams to balance fidelity and responsiveness. A further trade- 
off arises between generative flexibility and verification cost: more 
expressive LLM prompts and agent roles can cover wider task spaces, but 
they also require more extensive testing in the digital twin environment; 
LLM-HSM addresses this by defining risk-dependent verification re
gimes, where high-risk recommendations are always simulated or 

Table 4 
Mapping between LLM-HSM modules and representative manufacturing KPIs.

Modules Representative 
manufacturing KPIs

Primary mechanism of influence

HITL Human error rate 
Decision accuracy 
Time to competence 
Operator workload 
Safety incidents

− Human oversight/ contextual judgment 
for AI-generated recommendations

− Enables corrective intervention in 
critical decisions

− Supports learning and skill acquisition 
through interactive assistance

− Mitigates cognitive overload and unsafe 
autonomous behavior

CPS Cycle time 
Makespan 
Overall equipment 
effectiveness 
Mean time to detection 
Mean time to repair

− Real-time monitoring/synchronization 
between physical & digital assets

− Supports simulation-based evaluation 
and predictive maintenance

− Supplies reliable operational data for 
decision support

LLM Planning latency 
Setup time 
Design iteration count 
Schedule adherence 
Response time to 
disturbances

− Facilitates reasoning over 
heterogeneous data sources

− Generates and interprets natural 
language instructions

− Accelerates planning and 
reconfiguration tasks

− Supports adaptive decision making 
across the manufacturing lifecycle

VV&UM False alarm rate 
Validation coverage 
Confidence level of 
recommendations 
Risk exposure 
Compliance indicators

− Governs verification and validation of AI 
outputs

− Performs uncertainty estimation and risk 
assessment

− Ensures reliability, traceability, and 
trustworthiness of LLM-driven decisions 
in safety-critical environments

Fig. 12. Features and technologies in LLM-HSM.
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Table 5 
Key enabling features and technologies in LLM-HSM, their definitions, and their 
relevance to HITL, CPS, LLM, and VV&UM.

Key-enabling features and 
technologies

Relevant module - Definition Ref.

Wearables HITL - Wearable devices are electronic 
devices that can be worn on the body, 
often designed to track and monitor 
various types of data about the user and 
their environment

[165]

Speech-to-Text (STT) HITL - STT, also known as automatic 
speech recognition (ASR), is a 
technology that converts spoken 
language into written text. This process 
is a crucial component of many human- 
computer interaction systems, 
particularly those involving 
conversational agents

[255]

Multi-modal Interfaces HITL - Multi-modal interfaces are 
systems that can process and respond to a 
variety of input types, or modalities, 
such as text, speech, images, and sensor 
data. These interfaces enhance the 
richness and flexibility of human- 
computer interaction, allowing for more 
intuitive and comprehensive 
communication

[43, 
118, 
147]

Extended Reality (XR) HITL - XR is a broad term that 
encompasses immersive technologies, 
including Virtual Reality (VR), 
Augmented Reality (AR), and Mixed 
Reality (MR). These technologies aim to 
blend or replicate the real world with a 
"DT reality" that can interact with it.

[255, 
256]

Smart Sensors/ Actuators CPS - Apart from their primary use, smart 
sensors also provide the interfaces 
required for integration into IIoT 
networks. These could be XR-based 
gadgets or wireless networks.

[257]

Modeling & Simulation CPS - modeling involves creating a 
representation of a system or process, 
while simulation involves using that 
representation to imitate the behavior of 
the system over time. Models can be used 
as a basis for simulation. Models can be 
physics-based, physics-driven, or 
physics-informed.

[258]

Real-time Synchronization CPS - Real-time synchronization in 
manufacturing refers to the coordination 
of processes and resources by providing 
the right components to subsequent 
production steps at the right time. It is 
closely related to the Just-in-Time (JIT) 
philosophy, aiming for integrated and 
synergistic production organization and 
management.

[259]

Manufacturing Systems CPS - It can be defined as a combination 
of humans, machinery, and equipment 
that are bound by information flow with 
the aim of establishing a smart factory.

[260]

2D/3D Visualization CPS - 2D visualizations present 
information on a flat plane, using 
elements like charts, graphs, and images. 
These are commonly used for displaying 
data in a structured and easily digestible 
manner. 3D visualizations represent data 
or objects in a three-dimensional space, 
providing a more realistic and immersive 
view

[261]

Sentiment Analysis LLM - Sentiment analysis is a process that 
analyzes text to determine the emotional 
tone or attitude expressed within it. It 
can be used to understand the opinions, 
feelings, and evaluations of individuals 
or groups regarding a particular topic, 
product, or service.

[255]

Table 5 (continued )

Key-enabling features and 
technologies 

Relevant module - Definition Ref.

Prompt Engineering (PT) LLM - PT is the process of designing 
effective prompts to elicit desired 
responses from LLMs. It involves crafting 
specific instructions or questions that 
guide the LLM to generate the intended 
output

[262]

Named Entity Recognition 
(NER)

LLM - NER is an NLP task that involves 
recognizing and categorizing specific 
entities within a text. These entities may 
include proper nouns or terms that refer 
to real-world objects or concepts.

[145]

Deep Neural Network 
(DNN)

LLM - DNN is a type of artificial neural 
network (ANN) that uses multiple layers 
to analyze data. It is a core component of 
deep learning (DL) and is designed to 
mimic how the human brain processes 
information.

[263]

Retrieval-Augmented 
Generation (RAG)

LLM/ VV&UM - RAG is a hybrid AI 
approach that merges information 
retrieval with generative language 
models to generate more precise and 
contextually relevant responses. It 
enhances LLMs by incorporating 
dynamic, external knowledge sources.

[155]

Self-Attention Mechanism LLM - The self-attention mechanism is a 
key element of the Transformer 
architecture, commonly used in LLMs. It 
enables the model to assess the relevance 
of different parts of the input sequence 
during processing, allowing it to capture 
long-range dependencies and 
relationships between tokens.

[118]

Test Automation VV&UM - Test automation refers to the 
use of software tools and scripts to 
perform testing activities that are usually 
done manually. It is a crucial part of 
software development and quality 
control, particularly in manufacturing 
and industrial automation where it is 
essential to ensure reliability, safety, and 
efficiency.

[258]

Blockchain VV&UM - It is a distributed system with 
growing lists of blocks that are securely 
linked together and can be used for 
different purposes like authentication, 
smart contracts, and security protocols.

[264]

Adversarial Testing VV&UM - Adversarial testing is a method 
used to evaluate the robustness and 
reliability of AI systems, particularly 
machine learning models, by 
intentionally trying to "break" them. This 
is achieved by exposing the AI to 
carefully crafted inputs designed to elicit 
incorrect or unexpected behavior. The 
goal is to identify the model’s 
weaknesses and vulnerabilities, which 
can then be addressed to make the 
system more dependable.

[45, 
263]

Sensitivity Analysis (SA) VV&UM - SA is a method used to 
understand how changes in the input of a 
model affect its output. It is a crucial part 
of model development, validation, and 
decision-making, especially in complex 
systems like industrial automation.

[265]

Statistical Analysis VV&UM - Statistical analysis is a broad 
term referring to the collection, analysis, 
interpretation, presentation, and 
organization of data using various 
statistical methods and techniques. It is 
used to identify patterns, trends, and 
relationships in data, and to draw 
meaningful conclusions, which can 
inform decision-making in a variety of 
fields.

[179]

(continued on next page)
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sandboxed before execution, while low-risk suggestions can be applied 
with lighter checks.

7. Discussion

7.1. Relevance to industry 5.0

Integration of HITL and LLM, which is demonstrated through the 
exemplar LLM-HSM structure in this paper, aligns strongly with the 
overarching goals of Industry 5.0, resiliency, sustainability, and human- 
centricity [277], by leveraging HITL intelligence GenAI to create 
adaptive, knowledge-driven, and collaborative manufacturing systems. 
This enhances manufacturing resilience through its dynamic, human-AI 
feedback loops and multimodal learning capabilities. By continuously 
integrating real-time data from DTs, sensors, and production environ
ments, the structure enables predictive responses to disturbances, 
anomalies, or operational shifts. The LLM component acts as a cognitive 
layer that interprets data patterns, generates adaptive control sugges
tions, and supports decision-making under uncertainty [278]. Simulta
neously, human operators provide contextual judgment and 
domain-specific insight, ensuring that the system remains robust 
against unforeseen disruptions, anomalies, or supply chain fluctuations.

In addition, sustainability from optimization-oriented decision sup
port and knowledge reusability mechanisms. LLM-HSM utilizes LLM- 
based reasoning to minimize resource consumption, energy usage, and 
waste generation by identifying more efficient production pathways and 
developing adaptive scheduling strategies. Integration with DTs allows 
continuous evaluation of energy profiles, material flow, and lifecycle 
performance, facilitating real-time adjustments that reduce environ
mental impact. Moreover, HITL collaboration ensures that sustainability 
considerations, such as ethical sourcing, recycling strategies, and green 
manufacturing, are incorporated into generative planning and simula
tion processes [278]. This synergy between cognitive automation and 
human ethical oversight contributes to sustainable production aligned 
with Industry 5.0’s environmental and social objectives.

And finally, at its core, LLM-HSM embodies the human-centric 
concept of Industry 5.0 by positioning humans as central orchestrators 

Table 5 (continued )

Key-enabling features and 
technologies 

Relevant module - Definition Ref.

Digital Asset HITL/ CPS - It is everything that is 
exclusively available digitally and has a 
clear usage right or license. Digital assets 
include but are not exclusive to digital 
documents, audible content, motion 
pictures, non-fungible tokens (NFTs), 
and other relevant digital data.

[266]

Explainable AI (XAI) HITL/ LLM - XAI refers to AI systems 
designed for transparency and 
interpretability, enabling humans to 
comprehend how decisions or 
predictions are made. It is a research area 
focused on making AI models’ inner 
workings more understandable to 
people.

[263]

Information Model CPS/ VV&UM - An information model is 
a way of structuring raw data into a 
logical, hierarchical structure, enriched 
with contextual meta-descriptions. 
Information models are designed for 
machine understanding. They transform 
data into structured information

[267]

Knowledge Graph (KG) LLM/ VV&UM - A KG is a structured 
representation of knowledge that uses a 
graph structure to model and store 
information. It is a key component of 
cognitive intelligence. KGs represent 
knowledge as a network of 
interconnected entities and their 
relationships, offering a way to organize 
and access information

[194, 
268]

Multi Agent System (MAS) HITL/ CPS/ LLM - MAS is a system made 
up of multiple intelligent agents that 
interact to accomplish individual or 
collective objectives. These agents can be 
software, robots, or humans, and they 
function within a common environment.

[269]

Next-generation (NextG, 
xG) wireless Networks

HITL/ CPS/ LLM - xG wireless networks, 
like 5 G and 6 G, are advanced 
communication systems developed to 
address growing needs for faster speeds, 
better connectivity, and enhanced 
reliability in a connected world. These 
networks focus on boosting data transfer 
rates, minimizing latency, expanding 
network capacity, and ensuring secure 
and dependable connectivity.

[270]

Collaborative Intelligence HITL/ CPS/ LLM - Collaborative 
intelligence refers to the synergistic 
combination of human and AI to achieve 
outcomes that neither could accomplish 
independently.

[118, 
271]

Communication Protocols HITL/ CPS/ LLM - Communication 
protocols are standardized sets of rules 
that enable different devices or systems 
to exchange information in a structured 
and consistent way. They are essential 
for ensuring interoperability and reliable 
communication in complex systems, 
such as those found in manufacturing 
environments.

[267, 
272]

Internet of Everything (IoE, 
IoX)

HITL/ CPS/ LLM/ VV&UM - IoE is an 
evolution of the IoT that integrates 
devices, processes, data, and people into 
a single, highly interconnected 
environment. The IoE aims to put the 
experiences and needs of human beings 
at the center of industrial ecosystems. It 
involves not only smart devices but also 
humans, robots, and processes within the 
network.

[273]

Machine Learning (ML)/ 
Artificial Intelligence (AI)

HITL/ CPS/ LLM/ VV&UM - ML and AI 
are interconnected but different 
concepts. AI is a wide-ranging term that 
includes various methods for enabling 

[265]

Table 5 (continued )

Key-enabling features and 
technologies 

Relevant module - Definition Ref.

systems to perform tasks usually 
requiring human intelligence, whereas 
ML is a subset of AI that focuses on 
allowing systems to learn from data.

Edge/ Fog/ Cloud 
Computing

HITL/ CPS/ LLM/ VV&UM - Location is 
the primary distinction between cloud, 
fog, and edge computing. While fog and 
edge are decentralized resources where 
data is processed closer to edge devices, 
cloud computing is a centralized 
approach where data is stored, 
processed, and retrieved from a distant 
data center.

[274, 
275]

High-Performance 
Computing (HPC)

HITL/ CPS/ LLM/ VV&UM - HPC 
involves the processing of large volumes 
of data and the handling of substantial 
model sizes. This requires significant 
computational resources that are beyond 
the capabilities of standard desktop 
computers

[276]

Big Data HITL/ CPS/ LLM/ VV&UM - Big data 
refers to the extremely large and 
complex datasets that are generated in 
modern manufacturing and other 
industrial settings. These datasets are 
often characterized by their volume, 
variety, and velocity, and they pose 
significant challenges for traditional data 
processing and analysis techniques

[82]
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rather than peripheral operators. Through natural-language interfaces 
and contextual understanding, LLMs enable intuitive human-machine 
interaction and lower cognitive barriers. Humans are empowered to 
guide, validate, and refine model-generated insights, fostering trust, 
transparency, and explainability [279]. The structure thus facilitates a 
symbiotic partnership in which human creativity, ethics, and experi
ential knowledge complement AI-driven reasoning and automation.

7.2. Socio-technical and organizational implications

While integration of LLM and HITL into manufacturing advances 
technical resilience, its implications in real industrial environments are 
shaped equally by socio-technical and organizational factors. Successful 
deployment depends not only on cognitive automation but also on 
institutional readiness, evolving workforce roles, and governance 
structures that ensure responsible and transparent use of generative AI 
[280,281]. From an organizational learning perspective, this integrative 
forward-looking paradigm shifts manufacturing knowledge from static 
documentation and tacit operator experience toward continuously 
updated, conversational knowledge repositories. This requires mecha
nisms for validating, curating, and institutionalizing model-generated 
insights. Plants must therefore invest in processes for human-AI 
co-learning, including feedback channels where operators correct hal
lucinations, refine task guidelines, and gradually encode their expertise 
into the system. Such feedback loops support collective learning rather 
than one-off automation.

In terms of workforce transformation, exemplary structures such as 
LLM-HSM accelerate the transition from manual machine operation 
toward supervisory, interpretive, and diagnostic roles. Operators 
interact with multimodal LLMs through natural language, reducing 
technical barriers but increasing the need for digital literacy, critical AI 
judgement, and socio-technical awareness. Reskilling and continuous 
training thus become essential complements to the architecture, 
ensuring that workers can understand, challenge, and govern AI-driven 
recommendations rather than merely follow them. In addition, ethical 
and governance considerations are also integral. Because generative 
models can introduce biased suggestions, opaque reasoning, or unsafe 
control actions, factories adopting updated structures such as LLM-HSM 
must establish clear policies for auditability, traceability, and human 
override authority. Formal guidelines for data provenance, model up
dates, and decision accountability are needed to prevent over- 
automation and ensure alignment with regulatory expectations for 
safety-critical systems. This is particularly relevant where LLMs influ
ence scheduling, dynamic control, or maintenance decisions that 
directly affect operator safety.

Finally, policy alignment frames how revolutionized approaches 
such as LLM-HSM scale beyond individual case studies. Industry 5.0 
initiatives are increasingly emphasizing trustworthy AI and human 
empowerment [14], the green transition [282], and cybersecurity 
[283]. We aim to contribute to these agendas only when embedded in a 
broader ecosystem of standards, worker protections, certification pro
cedures, and European AI regulatory frameworks. Its success thus de
pends on coordinated socio-technical adoption rather than purely 
technical maturity.

7.3. Ethical and human rights safeguards

Within LLM-HSM, ethical and human-rights considerations are not 
treated as abstract principles but are operationalized through explicit 
technical and organizational mechanisms [14]. First, explainability is 
embedded into the interaction between the LLM, HITL, and VV&UM 
modules. For high-impact recommendations, such as changes in process 
parameters, rescheduling decisions, or maintenance deferrals, the LLM 
is required to generate a human-readable rationale that references the 
relevant data sources, constraints, and rules involved. These rationales 
are presented to operators and supervisors, along with risk indicators, 

enabling informed judgment rather than blind acceptance of model 
outputs [284,285]. This supports transparency and helps prevent opa
que or arbitrarily biased decisions in safety-critical contexts.

Second, auditability is ensured through systematic logging and 
traceability. Prompts, retrieved knowledge-graph entities, model ver
sions, and the sequence of actions proposed and executed are stored in 
an auditable record that can be inspected during incident analysis, 
compliance checks, or post-hoc reviews. This logging infrastructure 
enables organizations to reconstruct how a recommendation emerged, 
which constraints were applied, and which human approvals were 
involved, thereby supporting accountability and alignment with 
emerging regulatory requirements for high-risk AI systems [286]. 
Additionally, access control and role-based views restrict who can query 
or modify specific models, datasets, and decision pipelines, thereby 
protecting sensitive operational and worker-related information.

Third, LLM-HSM formalizes human control and worker protection by 
design. Decisions that may affect worker safety, workload, or employ
ment conditions are always routed through the HITL and VV&UM 
modules, which function as mandatory approval gates rather than pas
sive monitoring components. Operators can override, delay, or request 
clarification for any LLM-generated suggestion, and their feedback is 
used to refine prompts, constraints, and verification regimes over time. 
This preserves human agency, supports non-discrimination and dignity 
at work, and aligns the use of generative AI with the human-centric and 
rights-oriented vision of Industry 5.0.

From a structural perspective, these ethical safeguards are structur
ally embedded in the core modules of LLM-HSM. The HITL module 
operationalizes human agency by ensuring that high-impact decisions 
remain subject to human review, interpretation, and override. 
Complementarily, the VV&UM module provides a technical control 
layer that evaluates, verifies, and filters LLM-generated outputs before 
they can influence operational processes. Together with the CPS and 
LLM components, these modules create a governance mechanism that 
integrates explainability, accountability, and human supervision 
directly into the system's decision pipeline rather than applying them 
only at the organizational level.

7.4. Challenges

Generative artificial intelligence has great potential to improve in
dustrial practices and design, yet a close examination of current LLM 
capabilities across multiple benchmarks reveals significant limitations. 
One pressing concern lies in reasoning: LLMs often underperform in 
analytical and spatial reasoning tasks, which are critical in design, 
simulation, and manufacturing. This limits their ability to execute 
complex computations or geometric problem-solving, even when 
domain-specific prompts are used. A further challenge is the risk of 
human oversight errors and cognitive overload. Although HITL inter
action increases reliability, it may also lead to operator fatigue, decision 
paralysis, or a reliance on model outputs without critical evaluation. 
Inexperienced operators in particular may accept erroneous recom
mendations due to a lack of domain expertise or misplaced confidence. 
Effective interface and alert design must therefore carefully balance 
interpretability and cognitive demand.

Bias and domain generalization also remain persistent obstacles. 
Since LLMs are typically trained on general-purpose data, their outputs 
often fail to capture the semantics or procedures of manufacturing en
vironments. Even fine-tuned models may carry blind spots due to the 
scarcity of annotated industrial datasets. Compounding this issue is the 
problem of hallucination: confident but incorrect outputs, which in 
safety-critical settings could cause severe consequences. While tech
niques such as retrieval-augmented generation and confidence scoring 
can mitigate hallucination, their industrial deployment remains exper
imental. Additionally, environmental and scalability issues pose further 
barriers. Training and deploying large-scale models consume vast en
ergy resources, raising sustainability concerns, especially for small- and 
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medium-sized enterprises. Moreover, when tasked with increasingly 
complex or multi-step processes, current LLMs show degraded perfor
mance, underscoring the need for modular or incremental task 
structuring.

Socioeconomic and legal challenges also deserve attention. The rise 
of AI copilots may displace workers in design, modeling, and docu
mentation roles, requiring proactive investment in reskilling. Intellec
tual property questions also remain unresolved: LLMs trained on large 
datasets risk inadvertently reproducing elements of patented designs, 
raising concerns about originality, authorship, and potential legal lia
bility. Finally, privacy and security risks surrounding sensitive design 
and manufacturing data can lead to financial losses or competitive dis
advantages if compromised. Overall, these challenges, ranging from 
technical and environmental to social, legal, and ethical, underscore the 
urgent need for trustworthy, transparent, and human-centered frame
works before LLMs can be reliably integrated into manufacturing 
systems.

7.5. Operationalization pathway of the exemplar LLM-HSM structure

The integration of LLMs and HITLs into manufacturing paradigms 
and Industry 5.0, through approaches such as LLM-HSM, is conceived as 
a process to be instantiated incrementally rather than deployed as an all- 
or-nothing solution. A pragmatic operationalization pathway is to 
introduce LLM-HSM in stages, each building on existing CPS infra
structure and progressively tightening the human-AI-DT loop. Fig. 13
illustrates this progressive operationalization pathway.

In an initial stage, the LLM layer operates as an offline advisory 
system, consuming historical and live CPS data to support tasks such as 
anomaly explanation, log summarization, parameter suggestion, and 
documentation generation, while all control actions remain executed 
through conventional automation and human procedures. This enables 
early assessment of usefulness and trust without altering safety-critical 
loops.

In a second stage, the LLM is coupled more tightly with the knowl
edge graph and digital twin to enable grounded, simulation-backed 
recommendations. Here, the VV&UM and HITL modules explicitly 
determine which LLM proposals are tested, accepted, or rejected. For 
example, proposed schedule changes, parameter adjustments, or main
tenance plans are first translated into structured actions, evaluated in 
the digital twin, and only then presented to operators together with 
explanations and risk indicators. In a third stage, selected LLM-driven 
agents may be allowed to trigger semi-automated actions under 
clearly defined risk thresholds and override policies, for instance by 
issuing low-risk set-point changes or generating code modifications that 

are automatically verified in a sandbox environment before deployment. 
At each stage, the effect of LLM-HSM should be evaluated against 
baseline CPS setups using manufacturing KPIs such as scrap and rework 
rates, time-to-diagnose anomalies, programming and setup effort, 
downtime, and operator workload. This staged pathway provides a 
concrete route for transforming LLM-HSM from a conceptual architec
ture into an operational, measurable augmentation of existing smart 
manufacturing systems.

For this operationalization pathway, small and medium-sized en
terprises (SMEs) are particularly critical. SMEs represent the majority of 
manufacturing firms and often operate with constrained engineering 
resources, fragmented IT infrastructures, and limited in-house AI 
expertise, yet they face the same pressures for flexibility, customization, 
and sustainability as large enterprises. The modular, staged nature of 
LLM-HSM directly targets these conditions by allowing SMEs to begin 
with low-risk, advisory use cases that leverage existing machines, logs, 
and basic CPS components, and only later progress towards tightly 
coupled, simulation-backed, and semi-automated configurations as ca
pabilities and trust mature. In this sense, SMEs are not only beneficiaries 
but also key testbeds: if the framework can be made deployable, main
tainable, and interpretable under SME constraints, it is more likely to be 
scalable and robust across the broader manufacturing ecosystem.

8. Outlook

The exemplar LLM-HSM conceptual structure synthesized in this 
study lays the foundation for a modular, human-centered integration of 
LLMs, CPS, HITL, and VV&UM. While this paper emphasizes core 
manufacturing operations, future research should extend its scope to 
adjacent domains such as supply chain management, testing and vali
dation, customer service, and end-of-life processes like recycling and 
reuse, where LLMs already show emerging potential. We therefore po
sition LLM-HSM as a conceptual yet necessary perspective on how to 
integrate LLMs, HITL decision-making, and CPS infrastructures within 
an Industry 5.0 vision. We acknowledge that this must be empirically 
validated and needs a proof of concept (PoC), and our ongoing work 
aims to instantiate and assess LLM-HSM in a wire arc additive 
manufacturing (WAAM) setting, where an LLM layer will be integrated 
with process monitoring, parameter recommendation, and code review 
loops around an existing CPS stack. In this context, we plan to compare 
baseline WAAM operation against an LLM-HSM enhanced configuration 
using KPIs such as defect incidence, rework and tuning effort, and 
responsiveness to process disturbances, providing an initial systematic 
test of the framework’s practical value.

Beyond these implementation efforts, theoretical extensions are 

Fig. 13. Staged operationalization pathway of LLM-HSM.
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needed to systematically evaluate human-AI collaboration. Future work 
should define metrics such as an adaptability index to quantify co- 
adaptation in dynamic settings, a trust calibration score to measure 
the alignment between operator confidence and model reliability, and 
uncertainty-aware KPIs that assess robustness, explainability, and per
formance simultaneously. Incorporating cognitive workload and oper
ator satisfaction into these evaluation frameworks would provide a more 
holistic measure of hybrid intelligence in Industry 5.0. By pursuing these 
directions, the field can move from conceptual architectures to opera
tional systems that embody the human-centric, resilient, and sustainable 
values of Industry 5.0.
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