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Abstract The manufacturing industry is rapidly changing, creating a growing
demand for more intelligent and adaptive systems. With recent developments in
artificial intelligence, especially with the onset of large language models (LLMs)
such as ChatGPT, new opportunities have emerged for companies to increase their
productivity and maximize revenue. In a competitive environment, businesses must
constantly innovate to stay ahead. To support innovative and competitive organi-
zations, LLMs can analyze large amounts of data to identify trends and optimize
processes. In addition, the industry faces a labor shortage, particularly in roles that
require specialized skills. LLMs can fill this gap by providing real-time assistance
and training. This knowledge transfer could help less experienced workers perform
their tasks more effectively. Regulatory compliance is increasingly imperative in
manufacturing, and LLMs can help ensure adherence to safety standards and reg-
ulatory requirements. LLMs can address these and other challenges by using their
capabilities in data processing, natural language understanding, and predictive ana-
lytics. In this chapter, we explain the fundamental concepts behind LLM techniques
and how to use them in a smart manufacturing environment such as Industry X.0.
We discuss the challenges and future trends of LLMs in different industrial fields.
We also highlight the need for LLM frameworks that can guarantee data privacy,
security, and ethical usage.
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1 Introduction

In the future, many industrial and manufacturing changes are expected to occur,
mostly driven by new technologies. Advanced robotics will become an integral part
of various industries, performing millimetric precision tasks and sometimes show-
ing “superhuman efficiency” [8]. The demand for specialized labor will increase
[15], requiring workers to have expertise in fields such as programming and data
analysis. Compliance requirements will become stricter, necessitating adherence
to safety, quality, and ethical standards [6]. Continuous training will be essential,
with dynamic and interactive methods such as virtual reality (VR), augmented
reality (AR), and individualized learning platforms becoming the norm [68]. The
goal is to make this transition to Industry X.0 as smooth and seamless as possible
for everyone involved.

To achieve more productive, efficient and innovative industries, we will necessar-
ily need large language models (LLMs). LLMs such as Chat-GPT have revolu-
tionized Natural Language Processing (NLP) by allowing a better understanding
and generation of human language [22]. An LLM is an artificial intelligence (AI)
model trained with an extremely large amount of text that can generate natural lan-
guage output in response to prompt interaction [32]. The developments of LLMs have
had considerable impacts on many language tasks in manufacturing, from real-time
troubleshooting and support to collaborative design [47, 51]. Here, the idea is to let
human creativity and the unique capabilities of machines work effortlessly together.

There are many areas of manufacturing that could benefit from having LLM
systems. We illustrate these perspectives in Fig. 1. The diagram describes the various
ways in which LLMs can be used to improve manufacturing processes. First, LLMs
can help to generate new design ideas and optimize design through simulation. In
addition, the collection of real-time information can help LLMs improve operational
processes. The predictive and coding abilities of LLMs can play an important role
in contributing to maintenance improvement and quality control as well as supply
chain management. The conversational capabilities of LLM also facilitate employee
training and knowledge transfer. Their ability to process large amounts of data can
be used to ensure that industrial processes comply with regulations and standards.

In general, LLMs can integrate positively across these manufacturing functions.
This chapter describes these functions in more detail and how they can be accom-
plished in practice. We will explore the role of LLMs in the manufacturing sector
and advances to Industry X.0.

The remainder of the chapter is organized as follows. In Sect. 2 we start by describ-
ing in more detail the current and expected future impact of LLM in manufactur-
ing. Section3 with a revision of the field of natural language processing (NLP).
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Fig. 1 Large Language Models (LLMs) in the manufacturing environment

Section 4 introduces large language models (LLMs) as well as its fundamental con-
cepts. Section 5 discusses the applications of LLMs in Industry X.0. We discuss the
challenges and ethical considerations of these methodologies and tools in Sect. 6.
The latest and future trends are discussed in Sect. 7. Section 8 concludes the chapter
with a reflection on the topic.

2 LLMs in Manufacturing

The history of large language models (LLMs) in manufacturing began in the 1950s
with early NLP systems aimed at language translation [69]. These early rule-based
systems were limited, but set the foundation for future Al developments. In the
late 1980s and 1990s, the introduction of statistical methods improved data analysis
and pattern recognition. During this period, manufacturing industries started using
machine learning for predictive maintenance and quality control [53], although
these models were no LLMs.

The 2010s saw the revolution of deep learning and neural networks, eventually
leading to the development of highly sophisticated models like OpenAI’s GPT series.
Initially used for language tasks, LLMs quickly showed potential in other areas. In
the late 2010s and early 2020s, LLMs started to be integrated into manufacturing
processes [99]. LLLMs are used to enhance various dimensions of manufacturing,
from process automation and maintenance to machine control, training, supply chain,
compliance and design. We categorize the impact of LLMs in seven dimensions, as
illustrated in Fig. 2:
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Fig. 2 Application of Large Language Models to Industry X.0

1. Design: LLMs assist in the design phase by offering suggestions and automating
parts of the design process. LLMs can also be used in prototyping.

2. Processes: LLMs can analyze large amounts of data to identify inefficiencies and
suggest improvements of operational processes.

3. Maintenance: by analyzing historical and real-time data, LLMs can predict
equipment failures before they occur and enable predictive maintenance.

4. Quality: LLMs can assist in quality assurance by monitoring production data and
detecting anomalies or defects, ensuring high standards.

5. Training: we can provide real-time troubleshooting and training to workers using
LLM technology. LLMs can help in understanding complex tasks and procedures.
This is particularly useful for new employees and technologies.

6. Supply Chain: we can use LLMs to optimize supply chain operations by
predicting demand, managing inventory, and ensuring timely procurement of
materials.
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7. Compliance: LLMs help ensure compliance with industry regulations by moni-
toring processes, generating necessary documentation, and providing alerts when
deviations occur.

The potential for innovation is game changing, making the integration of LLMs
a compelling topic for anyone interested in the future of manufacturing technology.
We explain each of these seven dimensions hereafter, providing examples of current
and future applications, whenever necessary for better understanding.

Manufacturing design is a well-established field that is used for bringing prod-
ucts from idea to creation [55]. This field of study can be improved with LLMs
across different aspects [62]. The LLMs can be used as repositories of information
to generate new products and services. This technology can be used to automate
the generative creation of new concepts, evaluate the performance of different con-
cepts, and produce documentation. For example, Brahmavar et al. [10] investigate
how to use LLMs and prompt engineering to generate pharmacological compounds.
The authors show through several examples that this kind of discovery task can be
automated with LLMs.

In the future, we will use LLMs in our design tasks in ways that are currently
unexplored. For example, consider the challenge of reducing waste in the production
of electronic components. An LLM could analyze thousands of patents related to
electronic manufacturing. It could also have access to scientific articles on material
science. We could provide the LLM system with industry reports on production
efficiency. By synthesizing this information, the LLM could propose a novel recy-
cling process for defective components. It could suggest using a specific polymer
identified in the material science literature that can be easily separated from met-
als based on industry reports. Additionally, it might discover a patent technique,
such as a method for 3D printing circuit boards with minimal waste. This exam-
ple could soon become a daily reality for manufacturers. By automating routine
tasks, engineers and designers can better concentrate on creativity and strategy,
improving productivity, and fostering innovation in their specific industry. How-
ever, there are challenges, such as having the best data and using the LLM system
most effectively.

The continuous improvement of business and operational processes is important
to the overall efficiency of the smart factory [54]. Inindustrial settings, LLM systems
can improve both manufacturing and business processes. In terms of manufacturing
processes, LLMs can help automate routine tasks and automate robotic processes.
Decision support systems based on LLMs can perform real-time analytics for better
strategic and business decisions. Energy is also a central concern for the smart fac-
tory. Here, LLMs can improve energy efficiency by finding optimized consumption
patterns. These advancements lead to increased efficiency, cost savings, and inno-
vation. As an example, consider the work of Mayet [65] who introduced GAIA, an
Al assistant for intelligent accelerator operations. The system helped human opera-
tors deal with a complex particle accelerator. Cybersecurity issues might need to be
reviewed in these industrial settings [39]. Several other studies have investigated the
importance of having conversational agents in an industrial setting [16, 23, 31, 35,
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46]. Their findings were positive, but some of them highlighted concerns about bias,
misinformation, overreliance, privacy, and also cybersecurity.

In the near future, the smart factory will operate with automated processes pow-
ered by LLMs. The scenario is one of personalization and custom orders. So, when
anew order is received, the LLM interprets the customer requirements and translates
them into precise production instructions. Autonomous robots and machines, guided
by LLM, handle raw materials, assemble components, and manage the production
line with minimal human intervention. The LLM also generates real-time reports,
providing actionable insights for decision-makers. Robust cybersecurity measures,
informed by the LLMs, safeguard the factory’s data and operations.

Predictive maintenance is a proactive maintenance approach based on data ana-
lytics and machine learning. By analyzing data from sensors, maintenance logs,
and historical performance, predictive maintenance algorithms can identify warn-
ing signs and recommend corrective actions. Zonta et al. [113] give an overview of
predictive maintenance in Industry X.0. Another review is by Achouch et al. [2].
LLMs offer possibilities for analyzing unstructured data, such as maintenance logs,
and extracting insights. Machines can help identify degradation patterns and ulti-
mately predict equipment failures [95]. As an example, Hassan and Jalaludin [40]
describes how a molding company implemented predictive maintenance algorithms
to improve the operation of injection molding machines.

In the near future, predictive maintenance is advanced by LLMs. The factory is
equipped with a network of sensors attached to every critical piece of machinery,
collecting data on temperature, vibration, sound, and other metrics. This data is
transmitted in real-time to the factory’s central Al system. The system analyzes the
incoming data. It detects subtle anomalies that might escape traditional monitoring
systems, being able to predict equipment failures days or even weeks in advance. For
example, the predictive system might notice a slight increase in vibration in a motor,
which typically precedes bearing failure. Based on this analysis, the LLM generates
maintenance schedules and sends alerts to the maintenance team, specifying which
parts need attention and when. The LLM system also provides detailed diagnostic
reports that explain the reasons behind each maintenance recommendation.

Using LLMs, smart factories can achieve higher product quality, reduce defects,
and maintain consistent standards. This can ultimately lead to increased customer sat-
isfaction and competitive advantage. As an illustrative example, consider the example
of a smart automotive factory. The plant is equipped with numerous sensors and cam-
eras installed in assembly lines, robots, and quality control stations. These devices
continuously collect data on various parameters. As car parts move along the assem-
bly line, the LLM processes real-time data. For example, it analyzes images captured
by cameras to detect tiny defects in car body panels, such as dents, scratches, or mis-
alignments. An abnormal deviation in the placement of a car door or an unusual
vibration pattern can cause an alert. This scenario illustrates the significant impact
that LLMs can have on current manufacturing processes and their importance in
modern industry.

We can also imagine a long-term scenario of a highly automated smart factory that
uses advanced LLMs for quality control. Intelligent sensors embedded throughout
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the factory capture detailed data on structural integrity, material composition, and
environmental factors. LLMs process this data in real-time, detecting microscopic
anomalies. Autonomous quality control agents conduct on-the-fly inspections and
communicate with LLMs for continuous monitoring and immediate action. The fac-
tory’s self-healing systems adjust production processes autonomously when defects
are detected.

Continuous learning and training are essential to keep the workforce adaptable
and capable of using new technologies. LLMs revolutionize training and knowledge
transfer in manufacturing by providing real-time guidance and support to workers.
They can serve as virtual mentors, offering step-by-step instructions, answering ques-
tions, and troubleshooting issues on the spot. This is particularly valuable for new
employees or those dealing with complex machinery and processes. By offering per-
sonalized learning experiences and adapting to individual needs, LLMs can accel-
erate the learning process and help maintain a highly skilled workforce. Wang et al.
[97] envision intelligent machines becoming coworkers rather than technological
equipment. This is also the idea of Lemoine et al. [72] and Brondi et al. [11].

In the future, a smart factory will use LLM technology even more effectively.
New workers participate in personalized training modules created by the LLM. These
modules are tailored to their skills, experience, and learning preferences for efficient
learning. Augmented reality (AR) glasses provide interactive, real-time instructions
that guide employees through tasks with detailed, context-sensitive tutorials. Work-
ers also practice complex tasks in virtual reality (VR) environments, gaining confi-
dence in a risk-free setting. The LLM facilitates knowledge sharing, incorporating
experience workers’ insights into the training program.

Optimizing production schedules and supply chain management is essential in
manufacturing operations. With LLMs, factories and industrial settings can produce
dynamic production schedules that balance production capacity, inventory levels,
and customer demand [58]. Work in this field is still in its early stages, although the
use of LLMs for the supply chain holds significant promise.

The use of LLMs in manufacturing is arapidly growing area of research with many
applications [97]. However, to understand the advances in this field, it is essential to
explore the history of natural language processing (NLP) and its origins. In the next
section, we discuss the developments in natural language processing leading to the
onset of Large Language Models.

3 Evolution of Natural Language Processing

Cambria and White [13] define natural language processing (NLP) as the set of
computational techniques for the automatic analysis and representation of human
language. The field lies at the confluence of linguistics, computer science, and artifi-
cial intelligence. NLP includes several sub-disciplines, such as language translation,
text classification, sentiment analysis, and speech recognition [80]. These disciplines
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Fig. 3 Evolution in natural language processing

are central to many applications, including chat systems [ 103], recommender systems
[112], information retrieval [7], and machine translation [19].

The origins of NLP can be traced to the 1950s [69], back to Alan Turing’s pio-
neering work “Computing Machinery and Intelligence,” [90] which introduced the
Turing test. In the test, a human evaluator engages in a conversation with both a
human and a machine through text-based communication, without knowing which
is which. If the evaluator cannot reliably determine which participant is the machine
based on the conversation alone, the machine is considered to have passed the Turing
test. Turing’s concept established the foundational principles for the field of NLP. A
significant step towards passing the Turing test has emerged from the field of NLP
with the advent of Large Language Models (LLMs). These models can generate
human-like text, enabling them to engage in highly convincing conversations. In this
section, we describe the evolution of NLP from its early days to the technology of
LLM (see Fig.3).

3.1 Statistical Language Models

In the early days of NLP, language models relied mainly on statistical language mod-
els, while machine learning was largely unexplored [43]. Claude Shannon [81] was
one of the first to introduce the idea of using the statistical properties of text to model
language. The most popular statistical language model, the n-grams, was introduced
in his seminal work, the 1948 paper, “A Mathematical Theory of Communication.”
Shannon proposed n-grams to study the redundancy and predictability of English
text. Following Shannon’s initial work, the concept of n-grams was further devel-
oped and formalized in the field of computational linguistics and language modeling
during the 1950s and 1960s [36].

The n-grams continues to be one of the most used statistical language mod-
els even today [1, 84]. This can be explained by its apparent simplicity and good
performance [36]. The intuition behind the algorithm is that instead of using the
entire history of words, we can instead rely only on the last few words. This
means that you calculate the probability of the next word conditioned on its
immediate n — 1 preceding words [66]. This basic idea has helped produce many
advances that have improved the way we understand, recognize, and translate natural
language.

The problem of n-grams models is that many word combinations do not appear
in the training set. This is called the data sparcity problem [5]. The problem arises
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because the algorithm relies on word counts, which can result in certain unseen words
never being considered for transcription and translation. For example, consider that
you have seen the sentence “The dog has entered the bedroom” in the training corpus.
The system cannot generalize to the sentence “The dog has entered the building,” if
the word “building” does not appear in combination with the previous words. One
solution for this is to use smoothing techniques [20]. These methods adjust word
distributions by increasing low probabilities and decreasing high probabilities.

3.2 Neural Language Models

Neural language models deal with data sparcity differently than the n-grams algo-
rithm. Neural networks embed words in a continuous space where semantically
similar words are close to each other. With these embedded vectors, the inference
of probabilities is performed using the hidden layers of the network. In contrast to
statistical language models, neural networks automatically learn features and capture
long-range dependencies [3, 49].

Around the 1990s, recurrent neural networks (RNNs) [37] and their variants, such
as long-short-term memory (LSTM) networks [41], began to show promise in the
handling of sequential data by capturing dependencies in text. However, despite their
success, these models still struggled with long-range dependencies and the need for
manual feature engineering [24, 34, 110].

The introduction of the transformer architecture by Vaswani et al. [93] helped
advance NLP in a spectacular way. Unlike RNNs, transformers can process entire
sequences of text simultaneously, making them more efficient in capturing long-
range dependencies [107, 111]. The key innovation is the self-attention mechanism,
which allows the model to weigh the importance of different words in a sequence
when making predictions [60].

A groundbreaking neural language model using the transformer architecture was
introduced by Devlin et al. [25]. This model would start the era of large language mod-
els (LLMs). The model was named BERT (Bidirectional Encoder Representations
from Transformers), and it was a Google invention. Importantly, it allowed the system
to consider the context from both the left and the right of a word because of its bidi-
rectional technology. BERT was pre-trained on a large corpus of text and fine-tuned
for specific tasks. Its impact was significant, leading to subsequent developments in
the ChatGPT series [38].

3.3 Large Language Models

A large language model (LLM) is a type of neural language model trained on vast
amounts of data to understand, generate, and manipulate human language [17]. These
models are typically based on neural networks such as transformers. The goal is to
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learn patterns, context, and relationships within text. These models perform a variety
of tasks, such as translation, summarization, question answering, and conversational
interaction.

GPT-1 [76] was introduced in 2018 based on generative pre-training (GPT). This
was achieved by training on a very large dataset and using a transformer-based
architecture that could generate text in an autoregressive manner. In the context
of ChatGPT, “autoregressive” refers to the model that generates text one token at
a time, where each token is predicted based on previously generated tokens [14].
In contrast, models like BERT do not generate text in an autoregressive manner.
BERT is designed to predict missing words within a given context (masked language
modeling) and is used to understand and classify text rather than sequentially gen-
erating it. Importantly, the model was trained on a diverse corpus of unlabeled text
in a self-supervised learning way. GPT-2, released in 2019, further demonstrated the
ability of an LLM to generate coherent and contextually relevant text [12].

GPT-3, introduced by OpenAl in 2020, expanded the concept of LLM even further
with 175 billion parameters [30]. This complexity allowed it to perform a wide range
of tasks just by understanding the context provided in the prompts. This capability
is known as “few-shot” or “zero-shot” learning [75], in which a machine learn-
ing approach can make predictions about classes or tasks it has never seen during
training.

Models like GPT-3 (and its successors) and BERT have found applications in
various domains, from chatbots [79] and virtual assistants [87] to content creation
[56] and coding assistance [74]. Their ability to understand and generate human-like
text has transformed industries, making interactions more effective.

Both GPT-3 and GPT-3.5 models are not chat-optimized. This drawback is
addressed by GPT-4 [70]. The system can also handle both text and image inputs. In
addition to generating text with human-like fluency, GPT-4 models further pushed
the results in many natural language processing tasks [45]. In addition to the Chat-
GPT family, the number of LLMs is growing [ 1] with other established families such
as LLama and PaLM competing with ChatGPT. In the next section, we explain some
of the technicalities of these systems.

4 Understanding Large Language Models

Large language models (LLMs) are artificial intelligence systems designed to under-
stand, generate and manipulate human language [17, 48]. Formally, let D represent
the training data set composed of text sequences and 6 denote the LLM parameters.
The model is trained to maximize the likelihood of the data:

LO)= ) logP(y|x:0)

(x,y)eD
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Fig. 4 Pretraining and post-pretraining of Large Language Models (LLMs)

where x is the input text sequence and y is the target text sequence. The probability
P(y | x; 0) is computed using the transformer architecture, which incorporates a
self-attention mechanism to model the dependenices between differnt parts of the
input and target sequences.

The foundation of most LLMs is the transformer architecture, to which several
authors have proposed improvements. Du et al. [27] explored the utility of model
growth methods in LLM pre-training. Wu et al. [104] extended language models with
the ability to memorize the internal representations of past input. Rawat et al. [78]
modified the memory mechanisms. Geva et al. [33] explored the interpretability of
these models. Wolf et al. [101] proposed a coding library with a variety of engineered
transformer architectures.

LLMs undergo two stages of training: pretraining and post-pretraining [61] (see
an illustration in Fig.4). Pretraining occurs by making the model learn and extract
patterns from large and diverse datasets. This stage allows the LLM to learn general
language features and patterns. In the post-pretraining stage, the model is fine-tuned
on specific datasets to specialize in particular tasks or domains. This process allows
for greater adaptability and improved performance in a range of applications.

The generative capabilities of LLMs make them useful tools for various appli-
cations. For example, Wu et al. [102] implemented various conversational agents
in the AutoGen framework. Here, LLMs are agents that converse with each other
to perform tasks, such as a finance prediction or a mathematical task. Rangapur and
Rangapur [77] compare different LLMs in their capacity as conversational agents.
The authors analyzed the responses to various questions from ChatGPT, GPT-4,
Gemini, Mixtral, and Claude. Liao et al. [59] discussed the role of proactiveness in
conversational LLMs. Regarding automated content creation, several works utilize
the capabilities of LLMs. Westerlund and Shcherbakov [100] discusses different
possibilities in education, such as the design of workbooks to teach coding subjects.
Moore et al. [67] reviews developments in automated content generation also for
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education. Ethape et al. [28] discusses how LLM generated content will change man-
ufacturing and operation. Kim et al. [52] propose i-Dataquest for the manufacturing
industry. This system is an information retrieval tool that uses data graphs.

In the following section, we investigate more extensively the potential of LLMs
for smart manufacturing and Industry X.0.

S Applications of LL.Ms in Industry X.0

In this section, we describe three experiments using the Chat-GPT4 interface. The
first experiment focused on design tasks, where the LLM generated multiple design
options. The second experiment explored dashboard reporting, using Chat-GPT4 to
interpret visual data and generate reports. The third experiment examined predictive
maintenance, with Chat-GPT4 analyzing sensor data to predict equipment failures.
Each experiment showcased the diverse applications of Chat-GPT4 in improving
manufacturing processes.

5.1 Design Case Study

As an application example, we consider the work of Makatura et al. [63]. The
authors studied and discussed the potential of LLMs for design. The authors assessed
the abilities of LLMs in various design tasks, such as converting natural language
prompts into designs or generating design spaces and variations. We followed some
of their methods to produce the examples of Fig.5. To create the images shown,
we tasked ChatGPT-4 with generating JSCAD code for various objects. The instruc-
tions were minimal, such as “Generate me a JSCAD code of a couch meuble.”
Despite the prompt simplicity, the results shown in Fig. 5, were accurate. ChatGPT-
4 effectively turned the instructions into detailed JSCAD code, producing precise
designs.
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However, there were challenges. Creating a coherent cabinet design was diffi-
cult. The generated design needed several iterations and refinements to meet the
specifications. This issue highlighted areas for improvement in the system’s under-
standing and generation capabilities. In contrast, the designs for the coach and the
quad-copter drone were obtained without significant issues. These successes show
the potential of ChatGPT-4 in generating complex design code with minimal input.
The ability to produce accurate designs with limited instructions demonstrates the
relative robustness of ChatGPT-4 in handling design tasks.
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[6) The "Production Monitoring Dashboard" provides a comprehensive overview of manufacturing
metrics, including cycle time (8.57 mins), yield (99.58%), and throughput (2,176 units/hour). A
cost analysis graph shows production, manufacturing, and labor costs over the past year. The
dashboard highlights a significant decrease in quantity produced (-43.26%) and rework quantity
(-49.72%) this month compared to last month. Key performance indicators include high availability
(96.24%), performance (93.12%), and quality (97.46%), contributing to an overall equipment
effectiveness (OEE) of 87.35%. This allows stakeholders to quickly assess production efficiency
and identify areas for improvement.
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(b) ChatGPT-4 Interpretation

Fig. 6 ChatGPT reads a productivity dashboard of a smart factory



110 M. L. Baptista et al.

5.2 Dashboard Case Study

As a practical example, consider Fig. 6, which shows a factory dashboard (Zerynth
dashboard) and a Chat-GPT interpretation of the dashboard. Simply by feeding it a
link to a Zerynth dashboard, the chatbot can read the data and graphs. It provides
an overview of what is happening in real-time. The LLM interpretation is beneficial
for an initial and superficial analysis. Importantly, the chatbot summarizes the fac-
tory’s performance and which parameters are at their best. This immediate feedback
helps factory managers make quick decisions, saving time compared to manually
interpreting complex dashboards.

ChatGPT-4’s answer effectively summarizes the existing information on the dash-
board. It helps us understand key performance indicators clearly. Even if it does not
produce new insights, its analysis aids operators who may be overwhelmed with data.
It is also useful for generating the necessary documentation. This example highlights
how ChatGPT-4 helps humans interpret data more easily. In general, using ChatGPT
for dashboard interpretation has practical benefits. It is an asset for interpretability
assessments in manufacturing environments.

5.3 Predictive Maintenance Case Study

To analyze machinery data and to address the task of predictive maintenance,
LLMs can be explored in various ways [29]. LLMs can play an important role
in tasks such as processing images and sensor data to identify defects during the
manufacturing process. LLMs automate repetitive tasks and can analyze large data
sets, optimize schedules, and improve supply chain management. As an example,
we provided ChatGPT-4 with an image of a small sensory trajectory from C-MAPSS,
a popular turbofan engine dataset (Fig.7a). We then asked the LLM to produce
predictions. Interestingly, the model was able to provide code with considerable
accuracy. This result could be further analyzed and explored.

6 Challenges and Considerations

One of the technical challenges in leveraging data-driven methodologies, such as
Large Language Models (LLMs), is ensuring high data quality and availability. For
example, quality data helps in reducing biases. If the training data is representative
and balanced, it minimizes the risk of the model having and amplifying societal
biases. Agiza et al. [4] use Parameter-Efficient Fine-Tuning (PEFT) techniques to
change the biases of LLMs. These techniques allow for the alignment of LLMs
with targeted economic and political ideologies. This is especially important in
manufacturing settings, since it is often necessary to align the assistant agents with
the values and principles of the organization or company. Wang et al. [96] reviews
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Fig. 7 ChatGPT predicts failure time

bias (e.g., gender bias) in LLMs and also people’s perceptions towards the present
bias. They explore this in the context of the impersonation abilities of Chat-GPT
and Vicuna-13B.

Data availability is often a challenge for LLMs in manufacturing, particularly
in industries where data is siloed across different systems and departments. Kernan
Freire et al. [47] introduced an LLM that extracted information in factory documen-
tation and retrieved knowledge shared by manufacturing experts. Their factory study
showed that LLMs can contribute to faster information retrieval and troubleshooting.
However, the study also reported a preference for learning from a human expert when
such an option is available. This finding may suggest the need for better affective
computing even in industrial environments [73].

In manufacturing, data might be stored in disparate formats across various
machines and processes, making it difficult to aggregate and analyze comprehen-
sively. Overcoming these challenges may also require the help of LLMs. A data
governance platform is proposed by Chen et al. [18]. Importantly, the platform inte-
grates LLM, multi-agent system, and cloud native technology. Makatura et al. [62]
also discusses the task of handling data formats in LLM manufacturing.

Another challenge of LLMs is the fact that the computational resources neces-
sary to train machine learning models, particularly large language models (LLMs),
are considerable. Training these models involves processing large amounts of data
and performing iterative computations, which use significant computational power
and memory. In addition, as LLM models grow in size and complexity, the compu-
tational resources required to train and deploy them scale accordingly. Marion et al.
[64] worked on developing more effective training practices of LLMSs using pruning
techniques. Bi et al. [9] applied scaling laws to produce an LLM that had better
performance than GPT-3.5.

Another topic of interest relates to the increase in the lifecycle energy and car-
bon footprint of LLM-powered intelligent chatbots [44]. Despite the ubiquity of
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LLMs, the training, fine-tuning, and updating of such intelligent chatbots may result,
in the future, in increased electricity consumption, resulting in carbon emissions.
To address this problem, Jiang et al. [44] proposed a system-level approach with
three strategies to optimize the management of Industry X.0 and mitigate the related
footprints.

With increasing reliance on data-driven technologies, data privacy and security
have become concerns. LLMs require robust security measures to protect against
data breaches and unauthorized access [42, 91, 105]. Ensuring data privacy involves
implementing encryption, access controls, and data storage to protect sensitive infor-
mation. Van Bossuyt et al. [92] proposed ARCS-R. This methodology advocates the
combination of safety and security in an overall assessment of resilience risk. Their
case study involved an industrial inspection drone connected to the Internet with
LLM and ML components.

Compliance with data privacy regulations, such as the General Data Protection
Regulation (GDPR) in Europe and the California Consumer Privacy Act (CCPA) in
the United States, is essential. These regulations impose strict requirements on how
personal data is collected, used, and shared, mandating transparency and user consent.
Beyond data privacy, there are numerous industry-specific standards and regulations
that organizations must adhere to when deploying Al technologies, such as LLMs. To
date, there are no specific and general recommendations in manufacturing for Al and
LLMs but these are soon expected, making it imperative for industrial organizations
to prioritize compliance in their technological deployments.

As routine tasks become automated, the demand for skills such as problem solv-
ing, critical thinking, and technical expertise increases [62, 109]. Employees need
to adapt to changing job requirements by developing proficiency in working with
advanced technologies, understanding data analytics, and managing Al-driven sys-
tems. This shift necessitates a focus on upskilling and reskilling the workforce to
ensure they can thrive in a technology-driven environment. Sheldon and Kwon [82]
illustrates a case study of Samsung where the change in geographical location led
to a reduction in the skilled workforce. To address the evolving demands of the job
market, organizations must implement effective strategies for workforce training and
upskilling. This can involve offering LLM-based training programs [71].

The deployment of Large Language Models (LLMs) in manufacturing introduces
several ethical considerations. One primary concern is data privacy, as LLMs often
require large volumes of data [62]. Ensuring that this data is collected, stored and
utilized in compliance with privacy regulations is crucial to avoiding unauthorized
access and misuse. In addition, there is the risk of bias in the models [50], which can
lead to unfair or discriminatory outcomes in automated decision-making processes,
potentially affecting hiring, human resources, and supply chain management.

Large language models (LLMs) development and deployment come with a set
of challenges and considerations that must be addressed to achieve their full poten-
tial responsibly and ethically. In the next section, we review the future trends and
developments of LLMs.
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7 Future Trends and Developments

Current research in LLMs focuses on improving the efficiency of the Transformers
architecture [94]. Techniques such as model distillation [89, 98], pruning [57], and
quantization [106] aim to reduce the computational requirements of LLMs without
losing performance. These advances are important for deploying LLMs in resource-
constrained environments, such as edge devices and real-time applications. For exam-
ple, Yin et al. [108] study the execution of LLM on the device. The goal here is also to
preserve user privacy by running the agent on an edge device closer to the individual.
A study on the environmental impact of LLM use in edge devices is published by
Dhar et al. [26].

Interpretability is another area of ongoing research. Understanding how LLMs
develop their predictions and decisions is essential for building trust and ensuring
ethical AI[86]. Researchers are developing methods to make LLLMs more transparent
and explainable. For example, Singh et al. [85] reviews the emerging field of LLM
interpretation (both interpreting LLMs and using LLMs for explanation). This is
particularly important for applications in manufacturing [83].

The future of LLMs also lies in their ability to handle multimodal data—
integrating text, images, audio, and other forms of data. This development is expected
to unlock new applications in fields such as virtual reality and advanced human-
computer interaction. Taylor et al. [88], for example, study the role of LLMs in a
virtual reality setting (digital twin laboratory). Include a reference to Large Multi-
modal Models here, Yang et al., The Dawn of LMMs: Preliminary Explorations with
GPT-4V(ision), 2023.

Multitask learning, in which a single model is trained to perform multiple tasks
simultaneously, is another research direction. This approach can lead to more general-
izable and accurate models, capable of transferring knowledge across different tasks
and domains. For example, Chen et al. [21] introduce “tigerbot”, a multi-language
chatbot that achieves robust performance in different languages.

The future of manufacturing with LLMs will involve having smart factories
where autonomous systems work together with human operators [46]. LLMs will
allow machines to understand and respond to human commands in natural language
[47]. These smart factories will take advantage of LLM analytics to optimize every
aspect of production, from design, manufacturing, supply chain management, to
quality assurance.

An example of integration of GPT and a real industrial setting is by Siemens. In
this case study, the product is a car represented by the Simcenter Amesim vehicle
dynamics model running on a Simcenter Prescan environment. The Al assistant
(based on GPT), running in the background, continuously learns about the driver’s
preferences and the driver’s reactions to changes in vehicle parameters. Although the
focus of this project was car riding, the application of this technology could extend
to a variety of other areas in design.
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In conclusion, the evolution of LL.Ms and their capabilities may transform the
manufacturing industry by improving automation, improving decision-making, and
fostering innovation.

8 Conclusion

The current pace of technological advancement requires continuous innovation and
adaptation in the manufacturing industry. Staying ahead in Industry X.0 requires
a proactive approach to adopting and integrating technologies such as LLMs.
Organizations must create a culture of innovation and exploration of emerging
technologies.

Continuous learning and upskilling are essential to keep the workforce adapt-
able and capable of using new technologies. Providing access to training programs,
workshops, and certification courses ensures that employees remain up-to-date. By
investing in their workforce, organizations can build a proactive and innovative team
capable of driving sustained growth and competitiveness.

The proactive adoption and exploration of LLMs are vital in manufacturing. Orga-
nizations should seek to understand the capabilities of LLMs and identify areas where
they can drive improvements. Engaging with technology providers and leveraging
their expertise can help organizations navigate the complexities of implementing
LLMs. Building partnerships with technology vendors, consultants, and industry
associations can provide valuable insight and resources for successful adoption. In
addition, fostering a collaborative environment within the organization, where cross-
functional teams work together to explore and implement LLM-based solutions, can
accelerate the adoption process.

It is also important that organizations remain informed about the ongoing research
and advances in LLMs. Keeping abreast of the latest developments can help orga-
nizations make informed decisions about technology investments. Participating in
industry conferences, seminars, and forums provides opportunities to learn from
experts and share experiences.

In conclusion, the evolution of LLMs and their capabilities marks a significant
milestone in the journey of Industry X.0. Their transformative potential, driven by
ongoing advancements and emerging use cases, promises to change manufacturing
operations, driving efficiency, innovation, and agility. As LLMs continue to evolve,
their integration into manufacturing processes will make the way for smarter, more
efficient, and sustainable industrial operations, shaping the future of Industry X.0.
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