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ABSTRACT 

Although recent studies have focused on foundation language models’ architectures, 
scaling properties, and applications in fields such as healthcare and business, no 
detailed investigation has addressed their role in manufacturing. This paper fills this 
gap by examining foundation language models, with a particular focus on large 
language models (LLMs) as their most prominent instantiation, through the operational 
manufacturing lens, emphasizing their capabilities and practical applications. In the first 
part, the core capabilities of LLMs are categorized and analyzed. These capabilities 
include text understanding and generation, reasoning, multi-modality, interactivity, 
generalization, and continual learning. The second part examines how these capabilities 
translate into practical applications across the operational phases of manufacturing. The 
areas include planning, production, material handling, engineering, quality, mainte
nance, and warehousing. By aligning LLM functionalities with operational manufactur
ing phases, the paper shows LLMs’ potential to augment decision-making, enhance 
efficiency, and increase adaptability in the context of Industry 4.0. 
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1. Introduction 

The advent of foundation language models has brought about a paradigm shift in natural language 
processing (NLP), demonstrating remarkable abilities in contextual understanding and content generation 
(Naveed et al., 2025). Language models are computational systems with the ability to predict the 
probability of word sequences or generate new text based on textual input data, such as N-gram models 
serving as early examples (Chang et al., 2024). Large language models (LLMs) are a subset of neural 
models, including huge parameter sizes and exceptional learning capabilities (Chang et al., 2024; Naveed 
et al., 2025; Vaswani et al., 2017). LLMs represent a prominent instantiation of foundation language 
models, characterised primarily by their scale and versatility. The most current LLMs use the Transformer 
architecture (Vaswani et al., 2017), whose main novelty is its attention mechanism. The attention 
mechanism facilitates the ability of language models to handle long-range dependencies in textual data, 
identifying the relevance of different parts of the input when generating predictions (Vaswani et al., 2017). 
This allows the models to understand the dependencies between words in a sentence, independent of their 
position. 

Industry 4.0 integrates machines and industrial processes into cyber-physical production systems 
through advanced information and communication technologies (Vogel-Heuser & Hess, 2016). Industry 
4.0 uses these advanced technologies to offer digital solutions and smart objects, involving humans, data, 
services, machines, and things (Zhang et al., 2024a). It provides continuous communication among 
humans, machines, and manufacturing systems during the production process (Zhang et al., 2024a). 
Industry 4.0 shifts centralised production to a decentralised model through shared facilities in integrated 
global industrial systems (Zhang et al., 2024a). Industry 4.0 was originally conceived as the integration of 
cyber-physical systems, automation, and digital connectivity enabled by technologies such as the Internet 
of Things (IoT), cloud computing, and Big Data analytics. Although artificial intelligence (AI) does not 
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explicitly appear in its initial formulation, it plays a supporting rather than central role, primarily as an 
enabler within the Big Data and analytics pillar. 

As a key component of AI technologies, LLMs are increasingly revealing their significant potential in 
Industry 4.0. A cascade of LLM applications has emerged across various sectors of Product Lifecycle 
Management (PLM), spanning from initial concept design to end-of-life management and disposal, with 
particular focus on the operational phase of manufacturing. 

While most surveys focus primarily on the fundamentals of LLMs, there remains a need to bridge the 
gap between their algorithmic development and their practical deployment in industrial contexts. For 
instance, (Matarazzo & Torlone, 2025) explores foundational components, scaling, and data growth 
impacts but lacks emphasis on industrial applications. Similarly, (Annepaka & Pakray, 2025) reviews 
LLM evolution, transformer history, and diverse domains such as business and healthcare. The survey in 
(Kumar, 2024) covers language modelling, architectures, and applications in fields such as biomedicine, 
but also omits industrial use, underscoring a gap in understanding the role of LLMs in production- 
oriented environments. Likewise, (Urlana et al., 2024) focuses on datasets, evaluation, and deployment, 
without fully addressing real-world industrial applications. 

Therefore, there is a need for a dedicated investigation that systematically examines how LLMs are 
being, or can be, applied within manufacturing environments, with a particular emphasis on their 
capabilities in addressing domain-agnostic challenges across the operational phases of manufacturing. 
This paper focuses on the operational phase of product lifecycle management (PLM), encompassing 
activities from planning to warehousing. To structure the analysis, the paper adopts the operational 
manufacturing categorisation defined in (Baudin & Netland, 2022), distinguishing seven core functions: 
planning, production, material handling, engineering, quality, maintenance, and warehouse. According to 
this analysis, planning develops production plans based on forecasts and incoming sales orders. 
Production manufactures parts or products according to plans, converting raw materials into finished 
goods. Materials handling ensures that production always has the necessary materials, managing dock-to- 
dock logistics within a plant. Engineering is responsible for designing, creating, and updating the layout of 
the factory, machinery, production lines, and information systems. Quality ensures that products meet 
customer expectations through effective quality control methods. Maintenance aims to maintain machin
ery and tools in working condition and to handle repairs that exceed the capabilities of operators. 
Warehousing stores and ships finished products, ensuring timely delivery. 

2. Research methodology 

The Structured Literature Review (SLR) methodology (Keele, 2007) is adopted to systematically explore 
LLMs in the context of manufacturing applications. Upon a defined topic, the SLR identifies, evaluates, and 
synthesises all relevant research. To ensure transparency and rigour in the research selection process, the 
following subsections outline the research methodology, including the Research Questions (RQs) and the 
procedure for paper selection. 

2.1. Question formulation 

The paper pursues two main objectives. The first aims to identify and analyse the core capabilities of LLMs, 
particularly their applicability in addressing challenges within practical domains. The second seeks to trace 
the emerging thematic areas surrounding the adoption of LLMs in manufacturing, examining key 
application areas, trends, and advancements that define their role in manufacturing processes. 
Therefore, the primary research question of this paper is What fundamental properties and capabilities 
enable LLMs to contribute to complex problem solving, and how do their applications demonstrate their 
ability to address industrial domain-agnostic challenges in the operational phase of manufacturing, from 
planning to warehousing. Based on this, two sub-research questions are derived as follows:  

(1) What technical characteristics and capabilities of LLMs contribute to their effectiveness in the 
operational phase of manufacturing? 
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(2) How are LLMs currently being applied at different stages of operational manufacturing, including 
planning, production, material handling, engineering, quality, maintenance, and warehouse? 

Subsequently, Section 3 examines the capabilities of LLMs to address the first sub-research question, 
while Section 4 explores their applications across manufacturing domains in response to the second. 

2.2. Paper selection procedure 

The paper selection procedure follows explicit inclusion and exclusion criteria to ensure methodological 
rigour and relevance. Inclusion criteria require studies to be peer-reviewed journal articles or conference 
papers written in English that explicitly applied or evaluated LLMs in operational manufacturing and 
industrial contexts. Exclusion criteria include studies focused solely on generic NLP tasks addressed non- 
industrial domains, or works lacking sufficient methodological detail. 

To identify relevant English-language literature addressing the sub-research questions, three major academic 
databases, including Scopus, ScienceDirect, and ACM Digital Library, are selected for their comprehensive 
coverage of interdisciplinary research in computer science, engineering, and industrial applications. The search 
focuses on the period from 2017 to 2025, as the attention mechanism, a fundamental building block of almost 
all LLMs, was introduced in 2017 (Vaswani et al., 2017). A search syntax is formulated, along with inclusion 
and exclusion criteria. The search syntax is built using the following keywords: ‘language models’; ‘manufactur
ing’; ‘industrial’; ‘reasoning’; ‘code generation’; ‘continual learning’; and ‘capabilities’. The search syntax has to 
include the term ‘language model’ and at least one other keyword. A total of 900 papers are identified based on 
keyword searches in the databases. Specifically, 733 papers are retrieved from Scopus, 36 papers from the ACM 
Digital Library, and 131 papers from ScienceDirect. The duplicate studies are then identified and removed 
using the Parsif tool, resulting in 771 unique articles. 

The screening process was conducted in two phases. In the first phase, the titles, abstracts, and keywords of 
771 English, non-duplicate papers were reviewed. Based on the predefined inclusion and exclusion criteria, 615 
papers were excluded because they were not peer-reviewed journal articles or conference papers that explicitly 
applied or evaluated large language models in operational manufacturing contexts. Studies were also excluded if 
they focused solely on generic natural language processing tasks, addressed non-industrial domains, or fell 
outside the scope of operational manufacturing. This screening resulted in 149 studies retained for further 
consideration. Backward citation chaining was then applied to these 149 studies to identify additional relevant 
publications not captured in the initial search, adding 53 studies and increasing the candidate set to 202 studies. 
In the second phase, the full texts of these 202 studies were examined, and the same inclusion and exclusion 
criteria were applied in greater depth. At this stage, 118 studies were excluded because they lacked sufficient 
methodological detail or did not provide a substantive application or evaluation of LLMs in manufacturing 
contexts. This resulted in a final corpus of 84 studies included in the review. 

3. LLM capabilities 

This section describes the capabilities of LLMs across key functional areas relevant to both research and 
industrial applications, including text understanding and generation, reasoning, multi-modality, inter
activity, and generalisation. These LLM capabilities were derived through a systematic literature review 
rather than being arbitrarily defined. The capability-related terms were initially used as search keywords, 
and the resulting studies were subsequently qualitatively analysed to validate and refine the capability set 
based on recurring functional behaviours reported in the literature. Each capability reflects the evolving 
potential of LLMs to perform complex tasks, and augment intelligent decision-making in diverse contexts, 
including manufacturing. 

3.1. Understanding 

The ability of understanding in LLMs is broadly divided into two domains: text understanding and code 
understanding. 
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Text understanding. The capability to learn successfully from textual data is essential to reduce the 
dependence on supervised learning or hand-crafted rules in NLP (Radford & Narasimhan, 2018). The text 
understanding capability of LLMs arises from self-supervised learning, enabling them to acquire linguistic 
knowledge directly from textual data. This approach allows them to learn rich syntactic and semantic 
representations without explicit annotations, due to their transformer-based architecture (Chang & 
Bergen, 2024; Vaswani et al., 2017). In particular, the encoder component of the transformer plays a 
central role in text understanding by focusing on processing and comprehending textual sequences. The 
key sub-components of the encoder include positional encoding, self-attention mechanism, and multi- 
head attention. Positional encoding provides order (or positional) information to token representations, 
while self-attention mechanism enables the model to capture the contextual dependencies of tokens within 
a sequence. Multi-head attention supports LLMs to learn multiple aspects of word relationships simulta
neously, enhancing their ability to understand complex linguistic structures and patterns (Chang & 
Bergen, 2024; Vaswani et al., 2017). 

Code understanding. Code understanding involves learning code syntax and semantics of a program
ming language. Semantics refers to how a code behaves during execution, including how inputs are 
processed, computed, and outputted in order to ensure that it functions correctly (Ding et al., 2024). 

From an architectural perspective, the code understanding capability often resides in the encoder compo
nent, where simplicity, universality, and scalability contribute to enhancing this capability (Nijkamp et al.,  
2023). CodeBERT, Codex, StarCoder, and CodeGen are examples of LLMs specifically trained for coding tasks. 
Models that rely on encoder-only architectures, such as CodeBERT, are well-suited to tasks like type prediction, 
code retrieval, and clone detection in the context of code comprehension (Jiang et al., 2024). 

3.2. Generation 

The generative capability of LLMs is commonly divided into two domains: text generation and code 
generation. 

Text generation. A text can be defined as a sequence of tokens, each drawn from a vocabulary, and text 
generation aims to produce fluent, human-readable sequences with prior context (Li et al., 2024a). LLMs 
for text generation are categorised into two main types: decoder-only LLMs and encoder-decoder LLMs 
based on the architecture. Decoder-only LLMs (e.g. GPT-series models) are specifically designed for 
language modelling, where the objective is to predict the next token based on previous tokens. In contrast, 
encoder-decoder LLMs (e.g. T5 and BART) follow the standard transformer architecture, consisting of 
stacks of encoder and decoder layers (Li et al., 2024a). In addition to pre-training and architectural design, 
optimisation techniques such as fine-tuning and prompt-tuning enhance the text-generation capabilities of 
LLMs (Li et al., 2024a). 

Code generation. Code generation is the process of creating a code snippet based on a user’s intent, 
expressed through a natural language requirement. LLMs offer significant potential for code generation, 
reducing manual coding efforts, ensuring consistency, and minimising the risk of human error during 
development (Liu et al., 2024a; Mu et al., 2024). A key training ground for LLMs to develop coding 
proficiency is large-scale unlabelled code datasets such as CodeSearchNet, Google BigQuery, Stack 
Overflow, and GitHub (Jiang et al., 2024). Decoder-only models, such as StarCoder and the GPT series, 
are primarily designed for autoregressive code generation, excelling in tasks such as code synthesis, code 
translation, and code summarisation (Ahmad et al., 2023). These models are trained with the objective of 
the next-token prediction, generating code sequentially from left to right in a unidirectional manner (Mu 
et al., 2024). In contrast, encoder-decoder models, such as CodeT5, PLBART, and AlphaCode, enable 
handling both code understanding and code generation tasks; however, they do not necessarily outperform 
encoder-only or decoder-only models in either category (Jiang et al., 2024; Mu et al., 2024). 

3.3. Reasoning 

As a term, reasoning refers to using stated premises to arrive at conclusions and generalising those patterns 
to new contexts (Chen et al., 2024a). LLMs’ reasoning capabilities arise from the architecture, pre-training, 
fine-tuning, in-context learning, prompt engineering, and integration with external knowledge bases. 
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Pre-training is an important phase for developing reasoning abilities, particularly when training datasets 
contain rich math, and code examples (Xu et al., 2025). Following pre-training, supervised fine-tuning 
enables models to perform better in zero-shot and more complex reasoning tasks. An advanced approach 
to optimising LLM reasoning during fine-tuning involves reinforcement learning-based training at the 
final alignment stage of LLM development (Xu et al., 2025). Moreover, LLMs provide reasoning abilities 
through in-context learning (Xu et al., 2025). In-context learning refers to learning from a few examples in 
a context similar to learning from analogies in human decision-making (Dong et al., 2024). In cases where 
zero-shot reasoning remains unreliable, prompt engineering can enhance reasoning capabilities (Ho et al.,  
2023; Xu et al., 2025; Xu et al., 2025). Additionally, incorporating external knowledge (e.g. a knowledge 
graph) increases the ability of LLMs to perform logical inferences (Chen et al., 2024a). 

Recent foundational works have advanced the reasoning capabilities of LLMs (Guo et al., 2025; Huang & 
Chang, 2022; Rastogi et al., 2025). For instance, DeepSeek’s initial approach (Guo et al., 2025) introduced 
Group Relative Policy Optimisation (GRPO), a light reinforcement learning algorithm designed to enhance 
reasoning ability autonomously, without extensive supervised fine-tuning. Furthermore, DeepSeek employs a 
Mixture of Experts (MoE) architecture (Liu et al., 2024b) composed of multiple experts or sub-networks. The 
experts specialise in various tasks or features. A dynamic routing mechanism directs input representations to 
the most relevant experts, improving computational efficiency and task specialisation. 

3.4. Multi-modality 

With multi-modal LLMs, text is paired with other modalities (such as images, audio recordings), enabling 
cross-modal understanding and generation (Tamkin et al., 2021). As a result, models are able to obtain 
capabilities faster, since the interaction between different data modalities provides a stronger learning 
signal than each modality alone (Tamkin et al., 2021). Multi-modal LLMs are divided into early-fusion 
(such as VisualGPT and DeepMind’s Perceiver) and alignment architectures (such as GPT-4V and Sora) 
(Chen et al., 2024b). Early-fusion architectures tokenize visual inputs through a visual tokenizer, much like 
text tokenization. A multi-modal autoregressive language model then processes both textual and visual 
tokens together to generate the desired output (Chen et al., 2024b). Alignment architectures, on the other 
hand, which are commonly used in practice, align the vision modality (or other modalities) with a pre- 
trained LLM (Chen et al., 2024b). These models create embeddings for visual inputs through vision- 
language pre-training. The embeddings are later mapped into the LLM’s representation space using 
components such as projectors or Q-Formers (Chen et al., 2024b). 

3.5. Interactivity 

The term interactivity generally implies the involvement of humans. Although humans are the primary 
agents interacting with language models, recent research has expanded the scope to include additional 
objects such as knowledge bases, models, tools, and environments (Wang et al., 2023). Therefore, 
interactive NLP treats LLMs as agents that observe, act, and receive feedback in a continuous loop with 
these objects (Wang et al., 2023). 

Human-in-the-loop NLP prioritises continuous interaction between humans and LLMs to meet user 
needs while maintaining human values (Wang et al., 2023). Communicating with human prompts, 
learning from human feedback, regulating via human configuration, and learning from human simulation 
are strategies to enhance human-language model alignment (Wang et al., 2023). 

In knowledge base-in-the-loop NLP, external knowledge is used during training or inference to improve 
LLM accuracy and context-awareness (Wang et al., 2023). Interactivity with models and tools means to 
decompose a complex problem into modular sub-tasks. Then, each sub-task is assigned to a specialised 
language model agent, expert model, or external tool. Thus, adaptive task execution supports efficiency and 
accuracy in problem-solving (Wang et al., 2023). 

Environment-in-the-loop focuses on language grounding by integrating the real or virtual environment 
into an interactive loop with LLMs. In this interaction, the environment provides the model with low-level 
observations, rewards, and state transitions. The model solves environment tasks, such as reasoning, 
planning, and decision-making (Li et al., 2022; Wang et al., 2023). 
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3.6. Continual learning 

Continual learning (or lifelong learning or incremental learning) refers to a model’s ability to continuously 
acquire and integrate new knowledge over time without forgetting its previous knowledge (Yang et al.,  
2024). LLMs learn continuously through forward transfer, utilising knowledge from previous tasks to learn 
new tasks without catastrophic forgetting (i.e. the loss of previously acquired knowledge when learning 
new tasks) (Yang et al., 2024). 

Replay-based methods, regularisation-based methods, architecture-based methods, and distillation- 
based methods are various techniques that enhance the continual learning capability of LLMs (Yang 
et al., 2024). Data from previous tasks is introduced through sampling or synthesis in replay-based 
methods (Bohao et al., 2024). Regularisation-based methods penalise significant updates to model 
parameters, thereby maintaining prior knowledge (Yang et al., 2024; Zheng et al., 2024). Architecture- 
based methods, such as prompt-tuning or prefix-tuning, focus on adapting the model’s structure to 
integrate new tasks while reducing disruption to previously acquired knowledge (Zheng et al., 2024). 
Distillation-based methods use a distillation loss that encourages reducing performance deviations 
between teacher and student networks. The teacher network represents the model learned from the 
previous task, and the student network is trained on the current task guided by the teacher (Li et al., 2023). 

3.7. Generalisation 

Generalisation refers to a model’s ability to generalise from past experiences to new, and unseen situations. 
The focus of generalisation is to enable a model to perform well on unseen samples from the same 
distribution, whereas the focus of continual learning is to adapt the model to new tasks or data 
distributions while maintaining previously learned knowledge. The generalisation capabilities of LLMs 
stem from their architecture, pre-training, and fine-tuning processes and can be discussed from three 
aspects: length, structural, and cross-task generalisation (Li et al., 2024b). 

Length generalisation in LLMs refers to the model’s ability to apply acquired skills beyond its training 
set to longer problem instances. This supports to address complex problems with extensive descriptions as 
the model is able to manage longer input sequences (Li et al., 2024b). Structural generalisation refers to the 
capability to process and interpret complex data structures, such as graphs and tables, even when the 
models are trained on text-only datasets (Li et al., 2024b). Task generalisation refers to the ability to handle 
a wide range of tasks, especially those not seen during training (Li et al., 2024b). 

4. Applications of LLM in manufacturing 

This section describes how LLMs can be applied during the operational phase of manufacturing to 
support, automate, and enhance tasks within these areas, contributing to increased efficiency, accuracy, 
and adaptability in Industry 4.0. Rather than aiming to provide an exhaustive inventory of all LLM-based 
manufacturing applications, this section presents a curated and representative set of studies selected to 
illustrate how the core LLM capabilities identified in Section 3 manifest across different operational phases 
of manufacturing. This capability-driven selection supports a comparative analysis of application maturity 
and empirical evidence across phases, enabling analytical insights beyond a comprehensive enumeration of 
published work. 

Following the categorisation proposed in (Baudin & Netland, 2022), the operational phase is divided 
into planning, production, material handling, engineering, quality, maintenance, and warehousing. Each of 
these areas involves data-intensive, decision-driven activities that can benefit from the advanced capabili
ties of LLMs discussed in section 3. 

4.1. Planning 

LLMs enable multi-agent systems to collaborate by supporting effective communication, coordination, 
shared reasoning, and negotiation among agents. Instead of traditional multi-agent systems that rely on 
predefined rules and rigid workflows, the Autogen framework (Barbosa et al., 2025) introduces and 
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develops an LLM-based approach where each agent is responsible for a specific step in the production 
process (e.g. designer agent, material sourcing agent, quality inspector agent). The agents are powered by 
context from an external repository. This study presents the outcomes of how this framework can be 
applied in manufacturing to address various scenarios that involve collaboration and negotiation. 

According to the taxonomy proposed in (Pallagani et al., 2024), LLMs can be integrated into key 
planning dimensions. The defined dimensions include ‘language translation,’ ‘plan generation’, ‘model 
construction’, ‘multi-agent planning’, ‘interactive planning’, ‘heuristic optimisation’, ‘tool integration’, and 
‘brain-inspired planning’. Planning scenarios involve translation of natural language descriptions into 
machine-understandable languages like PDDL (Planning Domain Definition Language). LLMs, particu
larly causal LLMs, are employed for plan generation (Sermanet et al., 2023) using in-context learning 
techniques such as chain-of-symbol and tree-of-thoughts. In the model construction dimension, LLMs are 
used to construct or refine domain models for planning, such as to simplify task roadmaps to make 
reinforcement learning more efficient (Li et al., 2024c). In the context of multi-agent planning (Zhang 
et al., 2024b), iterative planning is the key to adapting to user feedback in real time. Depending on the 
scenario, external verifiers, reinforcement learning, self-refinement techniques, and expert input can refine 
LLM outputs. The heuristic optimisation dimension (Hazra et al., 2024) involves refining existing plans 
using LLMs or providing heuristic guidance to symbolic planners by giving them heuristic guidance. 
Furthermore, LLMs enhance functionality in complex scenarios by coordinating various planning tools 
(Xu et al., 2023). Finally, brain-inspired planning (Mondal et al., 2024) investigates how LLMs can mimic 
human-like planning abilities using neurological and cognitive inspiration. 

4.2. Production 

Human-robot collaboration (HRC) is the interaction between human operators and robots within a shared 
workspace, serving as an enabling approach to production (Giallanza et al., 2024). Collaborative robots 
integrate industrial automation and cognitive human capabilities to improve production efficiency 
(Giallanza et al., 2024). As a result of this interaction, mass production is transformed into mass 
customisation, while human needs and well-being are prioritised (Giallanza et al., 2024). 

Considering scheduling as part of production, in a manufacturing environment where materials and 
tools are not always located at the workstation, human operators often face interruptions in production 
due to tool retrieval. In this scenario, LLMs help robots fetch tools more efficiently, thereby reducing 
disruptions. For instance, a multi-modal cobot navigation framework is presented in (Wang et al., 2024a) 
to control automated guided vehicles (AGVs) in manufacturing. A 3D map of the workspace where 
assembly tasks are performed is created. Although operators use natural language commands to navigate, 
retrieve, and return tools, the commands are processed by GPT-3.5-turbo and converted into executable 
Python code for spatial navigation. A simulation of this framework is performed using AI Habitat. 
Moreover, a point-cloud model is annotated to provide spatial coordinates for objects within the HRC 
space and to facilitate effective navigation path planning. Using LLMs to enable robots to communicate 
more effectively with humans is also demonstrated in (Konstantinou et al., 2024; Li et al., 2024d; Lim et al.,  
2024). In the study presented in (Tsushima et al., 2025), operators’ requests are formulated as executable 
procedures using GPT-4.0, aligned with the robot’s capabilities. Also, the production line and safety- 
related operational constraints within the factory are considered to structure the prompts. 

In intelligent industrial production, fixed control procedures are mostly incapable of adapting to 
changing production conditions, leading to high energy consumption, low productivity, and high operat
ing costs. To address these challenges, an LLM-based system is developed using Langchain, METAGPT, 
and the Devin agent in (Wang & Qin, 2024). The developed system contains three main modules, 
including the data acquisition module, decision-making module, and human-computer interaction mod
ule. The data acquisition module collects real-time sensor data on equipment status, energy consumption, 
and environmental parameters. For optimisation, the decision-making module processes this data and 
incorporates expert input. Using the human-computer interaction module, operations can be monitored 
and adjusted intuitively. Different aspects of industrial production can be optimised with LLMs, as 
demonstrated in this study. 
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4.3. Materials handling 

Analysis and evaluation of material handling are essential for decision-makers to optimise manufacturing 
and distribution operations by improving material flow management (Leung & Lau, 2020). The material 
handling processes often involve complex interactions which can be replicated, analysed, and predicted 
through simulation modelling using LLMs (Jackson et al., 2024). Jackson et al. (2024) uses GPT-3 Codex to 
generate simulation models for logistics systems by converting verbal descriptions into Python simula
tions. This streamlines the modelling process and reduces domain experts’ workload. Additionally, it 
presents a collaborative framework between human experts and AI systems that emphasises clear role 
division, transparency, authority balance, and mutual learning-where humans provide input and verify 
results, and AI generates executable simulation code. Together, these elements enhance trust, accountabil
ity, and overall simulation modelling performance beyond what either one can accomplish alone. 

According to the study in (Jeong, 2023), LLMs also offer solutions to complex logistical challenges, 
including scheduling and prioritisation, handling delays, resource allocation, contingency planning, and 
demand forecasting. 

4.4. Engineering 

Manufacturing equipment selection is essential in engineering because it directly affects automation 
design, enabling efficient production ramp-up, influencing production timelines, and overall operational 
efficiency. A work presented in (Werheid et al., 2024) proposes an LLM-based copilot to augment 
equipment selection decision-making, powered by retrieval-augmented generation (RAG) techniques. A 
multi-agent system is involved in this copilot, with each agent focusing on a specific part of the decision- 
making process. All these agents are coordinated by an orchestrator agent. For example, one agent selects 
an elementary operation (e.g. robotic handling), categorises the equipment type (e.g. robots, feeders), and 
identifies the specific equipment (e.g. a Cartesian Robot). Another agent evaluates the suitability of the 
selected equipment. If the selection is not suitable, the system prompts the user for further input. 

The study in (Fan et al., 2025) presents an LLM-based framework for managing complex task 
parameters and adapting robotic capabilities in industrial manufacturing. To generate autonomous tool 
paths for complex spatial tasks, the framework uses LLM agents to match human-defined constraints with 
process parameters. GPT-3.5 and GPT-4.0 are used in the framework to simulate and interact with robotic 
environments to integrate embodied intelligence. 

In additive manufacturing (AM), LLMs are also being used to support the creation of physical objects 
from digital models. AM provides design flexibility, product customisation, and reduces production costs 
by eliminating specialised tooling (Badini et al., 2023). As optimising G-code is a challenge in AM, several 
studies, such as (Badini et al., 2023; Eslaminia et al., 2024; Jignasu et al., 2024) show the efficacy of LLMs 
(such as GPT-4o, Claude 3.5 Sonnet, Llama-3.1-70B, Llama-3.1-405B, GPT-3.5, GPT-4, Bard, Claude-2, 
Llama-2-70B, and Starcoder) in G-code anomaly detection, troubleshooting, debugging, optimisation, and 
generation. Multi-modality capabilities of LLMs such as GPT-4V in AM are presented in (Picard et al.,  
2025). Picard et al., 2025 uses GPT-4V to identify the success of 3D-printing designs based on design for 
additive manufacturing (DfAM) and to output violations if the predicted design is incorrect. 

CNC programming also leverages LLMs in subtractive manufacturing. CNC machines use G-codes to 
automate and control machining functions such as controlling tool movement, feed rate, spindle speed, 
and coolant flow. In addition to generating G-codes, CAM software needs to be customised or fine-tuned 
for specific operations. The detailed analysis in (Šket et al., 2024) shows ChatGPT’s capabilities in 
generating and interpreting G-codes and detecting and simplifying errors produced by CAM software. 

4.5. Quality 

In the context of Industry 4.0, Zero Defect Manufacturing (ZDM) focuses on data-driven technologies to 
predict, prevent, and mitigate defects. To achieve ZDM, LLMs are being used for anomaly detection in 
industrial products ZDM (Deng et al., 2023; Liao et al., 2025; Wang & Dai, 2024). 
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An interoperable information modelling approach is introduced in (Shi et al., 2024a) to support quality 
control within ZDM, using Asset Administration Shell (AAS) and LLMs. AAS is an information modelling 
standard designed to carry structured data through its submodels that represent specific aspects of an asset 
(Shi et al., 2024a). In this approach, a quality control submodel is developed to align standardised 
vocabularies. To perform this semantic alignment, both pre-trained and fine-tuned LLMs are applied 
and evaluated to search model properties within standardised vocabulary repositories. With LLM-based 
semantic search, manual effort are reduced and quality control data are more consistent and interoperable, 
supporting ZDM goals. 

A cause analysis is performed using LLMs to uncover complex causal relationships within quality data 
for aerospace product manufacturing (Zhou et al., 2024). A causal knowledge graph, called CausalKGPT, is 
developed in this work to facilitate reasoning and response generation for quality defects. A quality-related 
prompt dataset is constructed based on this knowledge graph. By using this dataset, a ChatGLM model is 
fine-tuned in a supervised process to capture complex causal relationships in aerospace quality data. In the 
study, CausalKGPT reduces observation bias and emphasises key quality factors to improve causal 
inference. CausalKGPT is more relevant to aerospace shell manufacturing than ChatGPT and GPT-4, 
based on experimental results. 

4.6. Maintenance 

Within Industry 4.0, log data comes from different resources, providing contextual and temporal 
information about events, anomalies, and operational states (Kohl et al., 2024; Le & Sahni, 2024; Liu 
et al., 2024c). Incorporating LLMs into log analysis enables contextual anomaly detection, proactive 
maintenance, and augments decision-making (Chandrasekaran & Perumal, 2025; Liu et al., 2024c; Sun 
et al., 2024). 

In (Wang et al., 2024b), large vision and language models are used to optimise defect detection and 
maintenance decision-making. The introduced framework integrates domain-specific knowledge with a 
large vision model to analyse industrial images (e.g. images related to semiconductor manufacturing, 
infrastructure maintenance, and high-speed trains). Following this, an LLM with a knowledge base 
generates actionable maintenance recommendations and augments decision-making based on findings 
from the vision model. 

In industrial maintenance, LLMs can support knowledge management and decision-making by inte
grating diverse data sources and domain-specific knowledge. A coal mine equipment maintenance dataset 
is created in (Cao et al., 2024) by collecting data from multiple sources-such as safety regulations, fault 
knowledge, operational instructions, and maintenance decision records. In the next step, the Low-Rank 
Adaptation technique is used to fine-tune ChatGLM based on the dataset. A knowledge graph is also 
constructed to link key aspects of coal mine equipment maintenance, including failure phenomena, fault 
causes, maintenance recommendations, and relevant subsystems. A fine-tuned model uses this knowledge 
graph to generate more relevant, accurate, and contextually informed maintenance responses. 

4.7. Warehouse 

To ensure the on-time delivery of finished products, warehousing operations must efficiently manage 
internal logistics. LLMs can help with tasks such as unloading, sorting, and docking. The research study 
introduced in (Kmiecik, 2025) integrates generic algorithms (GA) and LLM to optimise warehouse 
delivery scheduling in third-party logistics, increasing decision-making processes. In this approach, 
ChatGPT-4 is used to generate GA scripts via prompt engineering to optimise tasks such as unloading 
sequences and dock assignments. The feasibility of the approach is shown by results for a simplified 
warehouse scenario with three docks and six delivery trucks, each carrying different products. As a result 
of the GA scripts generated, the total length of travel to compile and distribute shipments is minimised, as 
well as the number of movements required. 

The proposed multi-agent system is presented in (Quan & Liu, 2024) for inventory management in 
supply chains. Each stage of the supply chain, such as suppliers, warehouses, and retailers, is assigned an 
LLM-based agent that makes inventory decisions based on its local state. Managing state updates, 
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facilitating communication between agents, and interacting with the environment are all handled by a 
centralised user proxy. To guide LLM-based agents, the system applies chain-of-thought reasoning, 
resulting in more transparent, interpretable, and reliable decisions than traditional heuristics. 

5. Discussion 

This review contributes a phase-oriented, capability-driven perspective on the adoption of LLMs in 
manufacturing. Rather than cataloguing applications by industrial domain, the analysis maps core LLM 
capabilities to operational manufacturing phases, and positions use cases according to the strength of 
empirical evidence and evaluation maturity. 

Based on the studies reviewed in Section 4, Figure 1 shows how key LLM capabilities align with the 
operational phases of manufacturing. This overall mapping highlights the current deployment focus of 
LLMs in manufacturing and indicates which capabilities are more prominent or remain underexplored. In 
documentation and decision-making, text and code understanding and generation abilities appear most 
frequently, while continuous learning is uncommon in practice. Advanced techniques such as continuous 
instruction tuning (CIT) and continuous model refinement (CMR) (Shi et al., 2024b; Wu et al., 2024) 
present promising approaches to enable continuous learning in manufacturing settings. 

Within manufacturing, LLMs are not limited to automation tools; they increasingly augment human 
decision-making. In the face of demographic shifts, where experienced subject matter experts and seasoned 
engineers are retiring, there is a growing risk of losing critical tacit knowledge. This underscores the need 
for LLMs to bridge the expertise gap and promote human-centric manufacturing by capturing, preserving, 
and making accessible such domain-specific insights (Kernan Freire et al., 2024). Several LLM applications 
discussed in this review align with emerging Industry 5.0 principles by emphasising human-centric 
decision support and collaboration rather than fully autonomous automation. Industry 5.0 complements 
the Industry 4.0 paradigm by emphasising human-centricity, resilience, and sustainability alongside 
technological advancement, positioning LLMs as enablers of more adaptive manufacturing systems. 

Figure 2 synthesises the reviewed literature by positioning LLM applications according to empirical 
evidence strength and evaluation maturity, presenting an imbalanced maturity landscape. Overall, most 
LLM applications in manufacturing are still at an exploratory or early validation stage. The majority of 
studies demonstrate conceptual feasibility and proof-of-concept implementations, but only a limited 

Figure 1. Heatmap of LLM capability coverage across manufacturing applications.       
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subset offers empirical validation or systematic benchmarking. Applications in engineering and quality 
areas, such as CNC or G-code generation, zero-detect manufacturing, and quality defect analysis, exhibit 
comparatively higher levels of technological maturity and empirical evidence. Contrary to this, LLM use 
cases in planning remain exploratory, and evaluations involve simulations or small experiments. 

Since LLMs like GPT-4, Claude, and Gemini are positioned to become standardised resources, 
innovation for most manufacturers will be driven by their own data and knowledge rather than the 
LLM technology itself. Consequently, a foundational step in leveraging LLMs is the collection and 
structuring of manufacturing data. As a result of this data, LLMs will perform better and be more accurate 
in manufacturing scenarios (Wevolver, 2024). 

Existing studies often highlight successful LLM deployment in manufacturing scenarios; however, 
inaccurate or unreliable results are less frequently reported. Moreover, the majority of LLM-based 
prototypes have not yet been deployed in real-world manufacturing, underscoring the need for future- 
proof solutions (Wulf & Meierhofer, 2025). Contextually plausible but factually incorrect answers may be 
generated by LLMs, which misinterpret domain-specific terminology or fail to generalise to varying 
operational settings. Errors of this nature are particularly concerning in manufacturing environments 
where decisions directly affect safety, quality, and continuity of production. 

Despite the diversity of LLM applications in industrial contexts, the reviewed studies show that LLMs 
differ from and complement traditional AI methods. Traditional AI approaches excel in well-defined 
problems that require precise and deterministic outputs, such as image segmentation or sensor-based 
anomaly detection. Factors such as data availability, model transparency, and scalability also influence 
which technology is most appropriate for a given task. LLMs, in contrast, are particularly effective in tasks 

Figure 2. Empirical evidence and maturity of LLM applications across manufacturing phases.       
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that require contextual understanding, content generation, knowledge integration, and adaptive recom
mendation. As a result, manufacturing benefits from both approaches depending on the specific problem 
at hand, and in many cases the two can be combined to form hybrid solutions. 

The reviewed studies also reveal three main critical gaps that explain the uneven technology maturity of 
LLM applications in manufacturing and define clear research priorities for the future. First, adaptability is 
limited since no study has investigated continuous learning despite dynamic production conditions, 
revealing a mismatch between model assumptions and industrial reality. Furthermore, most applications 
lack generalisation across machines, plants, or product variants, thereby restricting industrial reuse. As a 
third issue, reliability is not adequately addressed, as safety-critical validation and uncertainty handling are 
rarely integrated. 

6. Conclusion and outlook 

The foundation language models, as text-driven technologies, are well-positioned for Industry 4.0. A 
review of the fundamental properties and capabilities of LLMs is provided in this paper, which discusses 
how they can be used to solve complex manufacturing problems. LLM capabilities are reviewed, addressing 
the first sub-research question by examining the technical characteristics that lead to their effectiveness in 
industrial and manufacturing environments. Following that, LLM applications are categorised according 
to operational phases, which addresses the second sub-research question by demonstrating how LLMs are 
applied across different stages of manufacturing. 

A twofold limitation of this study can be identified. Due to rapid advances in AI and foundation 
language models, the findings and applications discussed may become outdated. Despite the detailed 
examination of capabilities and applications, domain-specific variations and contextual factors across 
manufacturing sectors are underemphasised, which may limit direct applicability in certain specialised 
environments. As shown in this paper, current LLM adoption is uneven across all capability dimensions. 
Although text understanding, text generation, and interactivity are consistently well represented across the 
manufacturing phases, more advanced properties, such as continual learning and generalisation, remain 
underdeveloped. Additionally, the reviewed studies demonstrate heterogeneous maturity across opera
tional phases, with engineering and quality applications demonstrating higher levels of empirical valida
tion than planning and material handling. These patterns highlight persistent limitations in adaptability, 
scalability, and safety-critical validation, which currently prevent LLM-based solutions from developing 
into fully reliable industrial systems. 

In addition to these limitations, the deployment of LLMs in manufacturing environments comes with 
several broader challenges. Hallucination, data privacy, ethical and regulatory considerations, data defi
ciency, and modalities remain critical concerns, as industrial data often contains proprietary designs, 
production parameters, or trade secrets. Although domain-specific models have emerged, adapting these 
models to technical terms, structured sensor data, and specialised engineering documents remains a 
significant challenge. Furthermore, the lack of interpretability and transparency constrains the ability to 
understand the reasoning and decision-making processes of LLMs, while also limiting openness regarding 
their architectures and training data. Integrating LLMs into physical production environments and safety- 
critical manufacturing presents a situation with safety and reliability risks that must be carefully managed 
through robust validation, human oversight, and regulatory compliance. 

Based on this study, future research should focus on systematically examining domain-specific adapta
tions of LLMs to better match the requirements, terminologies, and operational contexts of different 
manufacturing sectors. The results of these investigations can help identify current limitations and provide 
support for developing more tailored and effective solutions. Furthermore, future work can address the 
challenges associated with adopting foundation models, particularly in the collection and structuring of 
manufacturing data, which is crucial for enabling effective deployment and integration. 
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