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ARTICLE INFO ABSTRACT
Keywords: The remarkable success of Large Foundation Models (LFMs) has demonstrated their tremendous potential for
Intelligent manufacturing manufacturing and sparked significant interest in the exploration of Industrial Foundation Models (IFMs).

Industrial Foundation Models (IFMs)

This study provides a comprehensive review of the current state of IFMs and their applications in intelligent
Large Foundation Models (LFMs)

manufacturing. It conducts an in-depth analysis from three perspectives, including data level, model level, and
application level. The definition and framework of IFMs are discussed with a comparison to LFMs across
these three perspectives. In addition, this paper provides a brief overview of the advancements in IFMs
development across different countries, institutions, and regions. It explores the current application of IFMs,
including Industrial Domain Models and Industrial Task Models, which are specifically designed for various
industrial domains and tasks. Furthermore, key technologies critical to the training of IFMs are explored, such
as data pre-processing, model fine-tuning, prompt engineering, and retrieval-augmented generation. This paper
also highlights the essential capabilities of IFMs and their typical applications throughout the manufacturing
lifecycle. Finally, it discusses the current challenges and outlines potential future research directions. This study
aims to inspire new ideas for advancing IFMs and accelerating the evolution of intelligent manufacturing.

1. Introducti . . R e s 1k .
ntroduction in Al technologies [15], as shown in Fig. 1. The term “artificial intelli-

ence” was first introduced at the Dartmouth Conference in 1956, with
Intelligent manufacturing [1,2] is a broad field of manufacturing &

that integrates automation [3], artificial intelligence (AI) [4], and ad-
vanced manufacturing technologies [5] to optimise the manufacturing
process. It empowers manufacturing enterprises to fulfil increasingly
customised product demands with shorter lead-time [6] and higher

its envisioned steps encompassing search, pattern recognition, learning,
planning, and induction [16]. Furthermore, the integration of Al tech-
nologies and manufacturing has undergone extensive exploration. In
1961, the first digitally controlled programmable robot was deployed

quality [7]. In recent years, advancements in Cyber-Physical Systems on an assembly line, marking a milestone in replacing human labour
(CPS) [8], Internet of Things (IoT) [1], and Digital Twin (DT) [9-11]  With automated systems.

have enabled the industrial data collection and integration across the Subsequently, with the development of Symbolic Al, knowledge-
entire manufacturing workflows, achieving real-time synchronisation of driven expert systems [17] have been investigated to establish indus-
physical processes and information flows [12]. Moreover, the in-depth trial knowledge bases and replicate the decision-making process of
exploration of industrial Al [13] and big data analytics (BDA) technolo- experts [18]. These systems were designed to offer accurate solutions
gies [14] has provided innovative pathways to address challenges in to customers and facilitate specific manufacturing tasks. However, they
diverse industrial scenarios. faced persistent challenges in acquiring comprehensive domain-specific

Over the past few decades, the development of intelligent manufac- knowledge [19].

turing technologies has been significantly propelled by breakthroughs
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Fig. 1. The development of intelligent manufacturing and artificial intelligence [15].

Furthermore, breakthroughs in deep learning methods have posi-
tioned connectionist AI [20] as the core research focus, greatly ac-
celerating the rapid development of intelligent manufacturing. Deep
learning techniques leverage data-driven methods to train task-oriented
models [21] using specific industrial datasets and neural networks such
as Convolutional Neural Network (CNN) [22] and Recurrent Neural
Network (RNN) [23]. By learning from industrial data, these models
acquire powerful perception and decision-making abilities, enabling
them to independently solve specific industrial tasks including predic-
tive maintenance [24], fault diagnosis [25,26], quality control [27],
and human-machine collaboration [28].

Although deep learning approaches have greatly improved man-
ufacturing intelligence, their limited generalisation ability [29] still
necessitates customised model training for specific tasks. Recently, with
the emergence of Transformers [30], Large Foundation Models (LFMs)
such as ChatGPT [31], Sora [32], SAM [33], and Claude [34] have
achieved remarkable success in natural language processing (NLP),
computer vision (CV), and data generation tasks. This has shifted
deep learning approaches from single-task, single-modal, and limited
data to a new paradigm encompassing various tasks, multimodality,
and generalisation to large datasets [35]. The success of LFMs also
demonstrates strong generalisation capabilities across various domains,
showing significant potential for applications in manufacturing. Some
recent studies [36] have demonstrated that Industrial-GPT can be
integrated with advanced manufacturing technologies such as digi-
tal twin and knowledge graph to design the autonomous intelligent
manufacturing system. With their exceptional performance in multi-
level autonomous perception, cross-domain cognition, as well as event-
driven collaborative decision-making, LFMs are regarded as crucial
components of intelligent manufacturing systems. As a result, research
on Industrial Foundation Models (IFMs) has attracted wide attention
from both academia and industry [37].

However, when developing IFMs capable of addressing specific
tasks in real-world industrial scenarios, several challenges remain to be
solved. These challenges can be systematically categorised across three
key dimensions: data level, model level, and application level.

Data level challenges: Industrial data exhibits the typical 3 V
characteristics as variety, volume, and velocity [38]. Variety is reflected

in the multi-source and heterogeneous industrial data, including sen-
sor readings, video streams, text, and images. This requires [FMs to
handle multimodal data and merge it into a unified representation,
involving complex tasks such as multimodal feature extraction and
fusion [39]. Volume refers to the massive and continuously growing
size of industrial data, much of which consists of redundancy or low-
density information. As a result, [FMs must precisely identify key
information from vast amounts of data to enable intelligent perception
in complex industrial scenarios [40]. Velocity implies high-frequency
data generation and the need for real-time decision-making, requiring
IFMs to process incoming data swiftly to meet real-time requirements.

Model level challenges: Industrial scenarios impose stringent re-
quirements on models regarding real-time performance, robustness,
reliability, and explainability [41]. Delayed responses or erroneous
outputs from models can lead to direct economic losses or safety
incidents [42]. Therefore, IFMs must be capable of balancing accuracy
and real-time performance while maintaining strong robustness against
disturbances and uncertainties in dynamic industrial environments.
Besides, the black-box nature of deep learning restricts the application
of IFMs in industries with rigorous safety standards, such as aerospace
and healthcare. IFMs must be trustworthy and explainable enough to
provide clear and traceable decision-making. As a result, designing
IFMs that can meet the specific requirements of industrial scenarios is
indeed a significant challenge.

Application level challenges: Industries involve a wide variety of
process flows, physical phenomena, and specialised terminology [43].
To effectively address industrial tasks, IFMs must not only analyse mul-
timodal data but also dynamically learn domain-specific knowledge,
such as physical laws and process regulations. Efficiently embedding
such domain knowledge into IFMs presents a significant challenge [43].
Moreover, IFMs need to be integrated with manufacturing systems to
handle specific industrial tasks [44]. Industrial systems are typical com-
plex systems with different architectures, communication protocols and
requirements. Achieving seamless and efficient integration of IFMs into
such complex systems without compromising performance constitutes
another significant challenge.

To bridge these gaps and explore the impacts of IFMs in manufac-
turing, this paper aims to offer a systematic overview of the current
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research on IFMs. The contributions of this paper can be summarised
as follows:

(1) This paper clearly introduces a comprehensive framework for
IFMs in the context of intelligent manufacturing. It encompasses the
infrastructure layer, model layer, and application layer. The infrastruc-
ture layer serves as the foundation for IFMs, incorporating industrial
data, computational resources, industrial knowledge, and programming
frameworks. The model layer leverages multimodal industrial data and
deep learning methods to build pre-trained models and further refines
them by integrating knowledge and data for specific domains or tasks.
The application layer is designed to seamlessly integrate IFMs with
manufacturing systems, enabling them to address complex industrial
tasks efficiently.

(2) Key technologies of IFMs are analysed from the perspectives
of the data level, model level, and application level. Data analytics
techniques, including data acquisition, data cleaning, data labelling,
and data pre-processing, are summarised to analyse heterogeneous
and multimodal data. Model development technologies are explored to
leverage industrial data and knowledge to construct pre-trained foun-
dation and industrial domain models. Finally, application technologies,
such as prompt engineering, retrieval-augmented generation, and agent
engineering, are introduced to facilitate the integration of IFMs with
manufacturing systems for industrial tasks execution.

(3) This paper provides a comprehensive review of current research,
technological development, and advancements in IFMs. It highlights
domain-specific applications, such as robotics I[FMs, automotive IFMs,
and steel IFMs, demonstrating their adaptability across diverse in-
dustrial sectors. Furthermore, an in-depth discussion is conducted on
six core capabilities and their applications in specific tasks. Finally,
key challenges faced by IFMs and the future research directions are
outlined.

The rest of this paper is organised as follows. Section 2 describes the
definition and architecture of IFMs. Section 3 systematically reviews
the current development and progress of IFMs. Section 4 presents
the technologies of IFMs from the perspective of data, model, and
application. Several typical applications of IFMs in industrial scenarios
are also discussed in Section 5. Key challenges of IFMs are concluded
in Section 6. Finally, this study’s conclusions and future directions are
given in Section 7.

2. Definition of IFMs

The release of ChatGPT has sparked a significant wave of research
on LFMs, indicating that Al is entering a new phase towards Artificial
General Intelligence (AGI) [45,46]. Compared to previous networks
such as CNN and long short-term memory (LSTM) networks, LFMs that
utilise the Transformer architecture and self-attention mechanism are
particularly good at handling long-distance dependencies and capturing
global information. Their design not only facilitates multimodal data
fusion but also supports the construction of larger and more expres-
sive networks, ultimately leading to superior generalisation capabilities
across diverse applications [47]. Before the emergence of LFMs, de-
signing specialised models for specific industrial tasks and scenarios
was commonplace. The success of LFMs has also given rise to IFMs,
which are expected to bring a new paradigm of intelligent manufac-
turing characterised by “one foundation model for diverse industrial
applications” [46].

IFMs denote deep learning models with self-attention mechanisms,
large-scale parameters, and multimodal learning capabilities that target
applications across the entire lifecycle of industrial production [48].
Compared with LFMs, IFMs share similar structures but incorporate
more industrial data and domain-specific knowledge such as physical
laws, process regulations, and technical terminology [49], thus en-
abling them to better address industrial tasks [50]. IFMs are directly ap-
plied in industrial scenarios to generate specialised industrial content,
provide highly reliable and trustworthy outputs, support cross-domain
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industrial tasks, and realise self-adaptation across various industrial
scenarios. With core capabilities including question answering, scene
cognition, decision-making, terminal control, content generation, and
scientific discovery [51], IFMs are capable of meeting the require-
ments of various domains in both discrete and process industries.
Ultimately, IFMs are integrated with industrial systems, providing a
new methodological technology for a wide range of industrial tasks
including research & design, manufacturing, operation & management,
and maintenance. Commonly, the framework of IFMs can be presented
across the infrastructure level, model level, and application level, as
shown in Fig. 2.

(a) Infrastructure Level

The infrastructure level refers to fundamental resources required for
IFMs, comprising industrial data, computational resources, industrial
knowledge and programming frameworks [52].

Industrial data encompasses multimodal data collected from in-
dustrial scenarios, such as sensor data, equipment operational data,
production process data, and historical maintenance data. This data is
presented in the form of images, video, audio, text, CAX and time-series
data [53]. Industrial data serves as the basis for the training of IFMs.

Computational resources encompass the computational power and
storage capacity necessary for the training and inference of IFMs across
cloud, edge, and on-device environments. Training IFMs requires sub-
stantial computational resources, including high-performance comput-
ing (HPC) clusters, cloud infrastructure, and accelerators such as GPUs
or TPUs. These resources are essential for ensuring the efficient training
of IFMs.

Industrial knowledge comprises both general domain knowledge
and specialised knowledge from enterprises, mainly covering indus-
try standards, operational documents, machine operation principles,
and maintenance experience [54]. Industrial knowledge can be in-
tegrated into IFMs through rules, knowledge graphs, or expert sys-
tems [55]. Industrial knowledge provides a logical foundation for the
decision-making processes of IFMs.

Programming frameworks are tools and libraries used to build,
train, and deploy IFMs, such as TensorFlow and PyTorch. These frame-
works leverage distributed training and parallel computing strategies to
optimise the utilisation of computational resources. Efficient program-
ming frameworks can significantly reduce the training and deployment
costs of LFMs.

(b) Model Level

The model level is the core of IFMs, which utilises deep learning
algorithms to train IFMs for industrial scenarios. [FMs can be further
categorised into Industrial Domain Models (IDMs) and Industrial Task
Models (ITMs) as their application scenarios, embedded knowledge,
and training datasets [49].

IFMs are trained on large-scale public multimodal datasets. This
pre-training approach enables IFMs to develop general capabilities for
processing multimodal data and achieve excellent problem-solving abil-
ities for industrial tasks. Although IFMs often cannot be directly applied
to industrial scenarios, they provide a critical foundation for adapting
models to meet the requirements of specific industrial scenarios [56].

IDMs are developed for industries such as manufacturing, energy,
and chemical engineering, with the primary objective of addressing
universal tasks within these domains. They are continuously fine-tuned
from pre-trained IFMs with public industrial data and knowledge en-
compassing industry-standard specifications, general process parame-
ters, and open-source production logs [57]. Equipped with such indus-
trial data and knowledge, IDMs possess a comprehensive understanding
of the business logic and production processes of the respective in-
dustry, thereby providing standardised solutions. However, IDMs lack
detailed knowledge about specific industrial tasks such as business
needs, operational models, and process parameters because manu-
facturing enterprises often have confidential requirements, so their
applications in specific industrial tasks still have limitations.
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Fig. 2. The architecture of IFMs with infrastructure, model and application layers.

ITMs are purpose-built for specific industrial scenarios or tasks
within individual enterprises, such as optimising customised assem-
bly processes for a particular automotive manufacturer or regulating
energy consumption in specific power plants. Typically derived from
IDMs, ITMs undergo secondary fine-tuning or transfer learning using
proprietary enterprise data, including exclusive process parameters,
confidential production workflows, and customised business rules. By
integrating specialised data and knowledge of the enterprise, ITMs are
able to efficiently solve specific industrial tasks [58]. Besides, ITMs
are also deeply adapted to enterprise-specific requirements of industrial
tasks such as real-time performance, robustness, and accuracy.

(c) Application Level

The application level includes application technologies of IFMs
and feasible application scenarios for IFMs. It is responsible for inte-
grating IFMs into manufacturing systems and providing the necessary
services [59].
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Application technologies include prompt engineering, retrieval-
augmented generation (RAG), agent engineering, and collaboration
among IFMs. Prompt engineering aims to develop effective prompts to
optimise the interaction between IFMs and users [60]. Prompt engi-
neering provides guidance for user input commands, directing the sys-
tem to execute specific tasks or generate specific content. It can bridge
the gap between IFMs and industrial tasks, enabling IFMs to excel in
various industrial scenarios. RAG involves developing online-updating
external knowledge bases and information retrievers to enhance the
performance of IFMs [61]. By incorporating the latest task-oriented
knowledge, the inference of IFMs can become more traceable and inter-
pretable, leading to reliable outputs. Agent engineering is responsible
for the interactions between IFMs, humans, and manufacturing systems.
The Agent enables manufacturing systems to achieve the closed-loop
control and optimisation of “perception, analysis, decision-making and
action” with the help of IFMs [62]. Besides, it can also fully take
advantage of various IFMs to meet different industrial requirements
such as accuracy, robustness, and real-time performance.
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IFMs can be widely applied throughout the entire manufactur-
ing lifecycle, including research & design, manufacturing, operation
& management, and maintenance services [38]. I[FMs encompass six
core capabilities: question answering, scene understanding, process
decision-making, terminal control, content generation, and scientific
discovery [52]. These capabilities enable IFMs to be applied across
various industrial scenarios. Question answering provides on-demand
industrial literature retrieval, analysis, and Q&A services for industrial
tasks [57]. Scene understanding capabilities can analyse complicated
industrial environments, such as defect detection, fault analysis, and
safety monitoring [22]. IFMs can also offer suggestions and make deci-
sions based on knowledge and historical experience, such as production
scheduling and emergency responses [63]. Besides, the terminal control
capabilities enable IFMs to be applied in embodied intelligence and
human-robot collaboration (HRC) [64,65]. Content generation capabil-
ities can be used to generate coding, application, documentation, email,
and CAX models [66]. Scientific discovery capabilities can help identify
mechanisms between mechanical, electrical, hydraulic, thermal, pneu-
matic, and magnetic interactions within products, thereby revealing the
physical and chemical principles for new product designs [67].

3. Development status of IFMs

This section provides a comprehensive overview of the development
of IFMs by presenting current research publications on LFMs across
various subjects from the Scopus and Google Scholar databases. Next,
it discusses current IFMs launched by AI companies such as Google and
Huawei. Furthermore, it introduces the current landscape of IDMs and
ITMs that are applicable to specific industrial scenarios and tasks.

3.1. Research publications

This review examines research publications on LFMs, including
the LLMs, Large Vision Models (LVMs), and Large Multimodal Models
(LMMs) across different subjects. Overall, the research publication is
introduced from four main perspectives: (a) publications by years, (b)
publications by subjects, (c) publications by regions, (d) publications
by affiliations, and (e) overview of the literature survey.

(a) Publications by Years

Fig. 3(a) illustrates the publication trends of LLMs from 2017
to 2024. From 2017 to 2021, research on LLMs experienced steady
growth, with 2021 marking a pivotal turning point as academia and
industry began prioritising the study of LLMs [68]. The number of
LLM publications reached 104 in 2022, 1706 in 2023, and 4761 in
2024, respectively. It demonstrates a remarkably accelerated growth
rate driven by the excellent performance of LLMs across a broad range
of tasks.

Moreover, the release of GPT-3 in mid-2020 played a critical role in
sparking the research interest in LLMs [69]. Starting in 2022, annual
growth in publication counts more than doubled, underscoring a surge
in motivation and investment in the field. This exponential increase
can be attributed to the growth of large-scale datasets, significant
advancements in computational resources, the widespread adoption of
LLMs across various applications, and the public release of their source
code.

(b) Publications by Subjects

Fig. 3(b) illustrates the distribution of LLMs research across dif-
ferent subjects. Computer science stands as the largest contributor
to LLMs research, accounting for 37.5% of related publications. It
primarily investigates core models and internal mechanisms of LLMs,
including network architectures, optimisation algorithms, and training
approaches. Novel attention mechanisms, parameter-efficient training
techniques, and transfer learning approaches are designed to improve
model performance and efficiency [70,71]. Besides, it also explores
the integration of LLMs with other technologies (e.g., computer vision
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and reinforcement learning) to develop multimodal LLMs capable of
handling more complex tasks.

Engineering ranks as the second-largest subject area with 11.9%
contributions of publications, focusing on the applications of LLMs
in industrial scenarios. It mainly aims to integrate LLMs into indus-
trial systems to address real-world challenges. Compared to computer
science, engineering emphasises leveraging LLMs to address specific
industrial challenges and meet particular demands, such as real-time
performance, energy efficiency, and robustness [72]. Moreover, LLMs
are often customised for specific industrial tasks, such as intelligent
product design and 2D-CAD drawings generation.

Mathematics contributes approximately 15% of LLMs’ research pub-
lications, focusing on theoretical foundations and architectural opti-
misation. Researchers in this domain aim to develop mathematical
frameworks to enhance LLMs’ efficiency and interpretability, includ-
ing optimisation algorithms (e.g., stochastic gradient descent variants,
adaptive learning rate schedules) and theoretical models (e.g., neural
tangent kernels, Lipschitz continuity analysis). Mathematics provides
deeper insights into the fundamental workings of LLMs. Social sci-
ence, arts, physics, astronomy, and other subjects collectively constitute
about 40% of the research publications.

(c) Publications by Regions

Fig. 3(c) illustrates the distribution of LLM publications by re-
gion, with prominent contributions from the United States, China,
and Europe. The United States leads in publications driven by ma-
jor technology companies and top academic institutions. Renowned
universities such as Stanford, MIT, and Carnegie Mellon are at the
forefront of advancing theoretical frameworks, model architectures,
and ethical Al. Meanwhile, companies like Google, OpenAl, Microsoft,
and Meta are driving groundbreaking research and applications in
LLMs. Innovations such as Google’s LaMDA [73], OpenAl’s GPT se-
ries [69,74], Microsoft’s Turing-NLG [75], and Meta’s LLaMA [76]
exemplify U.S.-led advancements that continue to shape the global Al
landscape.

China ranks second in LLMs research, driven by substantial invest-
ments in artificial intelligence and a strong focus on technological
advancements. Leading institutions such as Tsinghua University [77],
Peking University, and the Chinese Academy of Sciences have played
pivotal roles in LLMs research, emphasising model efficiency and scal-
ability. Companies like Baidu, Alibaba, Tencent, and Huawei are also
at the forefront of LLMs development. Notable models include Baidu’s
Ernie [78], Alibaba’s M6 [79], Tencent’s Hunyuan [80], and Huawei’s
Pangu [81], which span a wide range of applications from natural
language understanding to industrial intelligence.

Europe is the third-largest contributor, with key countries including
the United Kingdom, Germany, and France. Institutions like the Uni-
versity of Oxford, ETH Zurich, and Sorbonne University lead efforts
in responsible AI practices and understanding the societal impacts of
LLMs. For example, they focus on developing ethical frameworks to
address bias in generative models and studying how LLMs impact
labour markets and misinformation landscapes. This global distribution
highlights the competitive and collaborative nature of LLMs research,
with each region contributing unique strengths in advancing the field.

(d) Publications by Affiliations

Fig. 3(d) illustrates affiliations of LLM publications. The major con-
tributions come from China, the United States, and Europe, with diverse
leadership across academic, industrial, and governmental sectors. The
Chinese Academy of Sciences (1082) and Tsinghua University (950)
top the ranking list, reflecting the substantial investment of China
in AI research. Other prominent Chinese institutions, such as Peking
University (681), the University of Chinese Academy of Sciences (653),
and Zhejiang University (523), also play pivotal roles. In the United
States, Carnegie Mellon University (884), Stanford University (751),
and MIT (495) are at the forefront of LLMs research, often driven
by partnerships with leading players and supported by significant
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Fig. 3. Statistics from Scopus database (Search keywords: “LLM & LVM & LMM”; Date: 27 December 2024).

government funding. Google LLC (768), Microsoft Corporation (521),
and Microsoft Research (492) represent the critical role of the private
sector in bridging the gaps between theoretical innovations and com-
mercial applications. In Europe, institutions like Centre National de la
Recherche Scientifique (693) and the University of Cambridge (473) are
noteworthy contributors, focusing on ethical Al practices, regulatory
compliance, and fundamental research that addresses key challenges
in transparency and fairness. The National University of Singapore
(475) and Nanyang Technological University (425) reflect substantial
contributions from Asia outside China, emphasising the importance of
multicultural perspectives in LLMs development.

(e) Overview of Literature Survey

Research on LFMs and IFMs has also been extensively conducted,
with several review papers already published. To clarify the distinction
of this study, similar review studies on LFMs and IFMs are listed in
Table 1.

Papers 1, 2, and 3 focus on LFMs for NLP and multimodal tasks.
Paper 1 focuses on the foundational concepts, history, and recent
advancements of LLMs. It extensively covers the development of model
architectures, training strategies, fine-tuning techniques, evaluation
metrics, and applications. Paper 2 focuses on pre-trained foundation
models like BERT and GPT and their evolution across NLP, computer
vision, and graph learning. It emphasises the cross-domain abilities of
pre-trained foundation models and their applications in multimodal
data processing. Paper 3 highlights the efficiency of LMMs, focusing on
lightweight models and computational optimisation. It discusses how
LMMs can be optimised for tasks like visual question answering and
image understanding.

Papers 4 and 5 focus on the application of IFMs in industrial and
manufacturing settings, highlighting specific challenges such as high
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trustworthiness, real-time inference, and multi-process coordination.
Paper 4 explores the challenges and opportunities of applying IFMs
in industrial applications with a focus on intelligent manufacturing.
It proposes a new architecture and highlights the importance of real-
time inference and high-accuracy requirements. Paper 5 discusses the
application of IFMs in intelligent manufacturing. It contrasts the lim-
itations of deep learning in manufacturing with the capabilities of
IFMs, emphasising their powerful generalisation and ability to address
complex tasks like fault diagnosis and quality control.

This paper provides a detailed discussion of IFMs from three per-
spectives: data level, model level, and application level. It introduces a
comprehensive overview of data processing, model development, and
model application of IFMs for intelligent manufacturing. First, the defi-
nition of IFMs is introduced with a comparison to ILMs. Then, a detailed
framework of IFMs containing infrastructure, model, and application
layer is designed. Second, this paper comprehensively reviews key
technologies, including data analytics, development, and application
technologies for IFMs. Third, it highlights the core functions and typical
applications of IFMs. Finally, the challenges and future directions of
IFMs for intelligent manufacturing are summarised.

3.2. Current IFMs

This section provides an outline of the evolutionary process of LFMs
and IFMs in recent years. Each generation has iterated on the previous
one and introduced new functions. The timeline and milestones of the
existing LFMs and IFMs are shown in Fig. 4.

» 2019-2020: Early large models including BERT [85], mT5 [86],
and GPT-2 [51] utilise the Transformer and self-attention mechanism
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Table 1
Review papers on LFMs and IFMs.
No. Title Year
1 A Survey of Large Language Models [68] 2024
2 A comprehensive survey on pre-trained foundation models: a history from BERT to ChatGPT [82] 2024
3 Efficient Multimodal Large Language Models: A Survey [83] 2024
4 Industrial foundation model: Architecture, key technologies, and typical applications [84] 2024
5 Large Scale Foundation Models for intelligent Manufacturing Applications: A Survey [37] 2025
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Fig. 4. A timeline of existing LFMs and IFMs.

to construct LFMs, achieving great performance in NLP tasks. Although
mainly concentrated on NLP tasks and not directly applicable to diverse
industrial tasks (e.g., visual detection, fault diagnosis, scheduling), the
substantial breakthroughs of these models in generalisation capabili-
ties greatly promoted the development of LFMs. A pivotal milestone
emerged when OpenAl introduced GPT-3 [69], a 175-billion-parameter
model capable of addressing varied tasks through “zero-shot learn-
ing” and “in-context learning” without task-specific fine-tuning. This
marked the arrival of the large model era. While GPT-3 was primarily
designed for general-purpose use, its few-shot learning and general-
isation capabilities laid the foundation for applications in industrial
scenarios.

« 2021: By approximately 2021, research interest increasingly
shifted towards multimodal and knowledge-enhanced models like
ERNIE 3.0 [78], Pangu-Alpha [81], and Inspur Yuan 1.0 [87], which
were designed to integrate domain-specific knowledge into LFMs. Com-
pared to previous models, they can not only handle various tasks
but also enhance their performance by leveraging industrial domain
knowledge, thus evolving into IFMs. By embedding domain knowledge,
these IFMs can enable more robust applications in industrial tasks such
as information processing, content generation, and text analysis. The
Pangu-Alpha employs a three-layer architecture— “foundation model
+ industry model + scenario model” to incorporate industrial mecha-
nism knowledge into model training. It has been applied in industrial
scenarios to address practical tasks such as multimedia retrieval, fault
diagnosis, visual defect detection, and software development.
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» 2022: In 2022, ChatGPT achieved enormous commercial success
with its exceptional conversational interaction capabilities, bringing
LFMs into the public spotlight and significantly accelerating the devel-
opment of LFMs. Both academia and industry have actively pursued
LFMs capable of achieving multimodal information integration and
multi-task decision-making [88,89] within unified frameworks, aiming
to achieve “one model for multiple tasks” [90,91]. The emergence
of multimodal LFMs, including BLOOM [92], iFLYTEK Spark [93],
AlphaCode [94], and Titan, introduced a paradigm shift from pre-
dominantly language-focused processing to handling diverse modalities
(texts, images, videos, codes) and multiple tasks. Due to their great
capabilities for multimodal data analysis, these IFMs are particularly
well-suited to industrial scenarios with heterogeneous task require-
ments. These state-of-the-art pursuits are jointly propelling LFMs from
the realm of laboratory research into large-scale commercial utilisation
and industrial applications.

» 2023: Entering 2023 and beyond, the development trend of LFMs
is moving towards more universal cross-modal intelligence and domain-
driven adaptation. General-purpose intelligence models such as GPT-
4 [74], LLama2 [76], Qwen 2.0 [77], mPLUG-Owl [95], ImageBind
[96], VisualGPT [97], SEEM, BLIP-2 [98], ERNIE 4.0 [78], GLM3, and
KOSMOS [99] represent a new generation of models equipped with
advanced cross-modal reasoning capabilities and extensive adaptability
across domains. These models possess a larger number of parameters
and more powerful multimodal feature extraction, enabling them to
tackle more complex problems. Moreover, Huawei has upgraded its
Pangu 3.0 with a focus on seven core industries, including energy,
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finance, and manufacturing. Concerns about robustness, explainabil-
ity, safety, compliance, and data privacy have gained more attention,
leading researchers to refine models to meet the stringent standards
required in industrial implementation [100,101].

» 2024-present: From 2024 to the present, with the maturation
of ILMs technologies, their development costs have significantly de-
creased. Research on IFMs for industrial domains or tasks has also
undergone rapid advancement, with models such as CivilGPT [51],
Haier Home-GPT, ManipLLM [102], and Siemens Industrial Copilot
being developed to solve specific tasks. Compared with previous IFMs,
these models are primarily created by manufacturing enterprises, in-
cluding Siemens, Haier, and Xiaomi. Leveraging their rich industrial
data, clear understanding of industrial tasks, and the existing high-
performing LFMs, these manufacturing enterprises intend to develop
IFMs that can be directly deployed in industrial scenarios. Furthermore,
these IFMs are engineered to be integrated with manufacturing systems
in real-world industrial scenarios, so as to effectively solve practical
industrial tasks.

With six core capabilities, including question answering, scene un-
derstanding, process decision-making, terminal control, content gener-
ation, and scientific discovery. IFMs have been widely applied through-
out the entire manufacturing process to improve the efficiency of
specific tasks such as product design, HRC assembly, and manufac-
turing process optimisation. The IFMs can be utilised to facilitate the
product design, including the design formation, design interactions,
and design optimisation [103]. For instance, the LLM-augmented mul-
timodal collaborative design framework [104] is designed to provide
professional design prompts and generate precise visual schemes. Be-
sides, the mixed reality is used to form an interactive and immersive
environment for users to participate in the design process. By in-
tegrating these technologies, it is able to form a unified cognition
and optimise the traditional collaborative product design process. To
achieve more effective HRC assembly, RoboFlamingo [105] combines
vision-language models with imitation learning. By leveraging its vi-
sion understanding and content generation capabilities, this model
can perceive the positions of parts and generate robot trajectories,
enabling robots to autonomously carry out industrial assembly tasks.
The assembly IFM [106] is also designed to achieve natural language
understanding and behaviour-based control for robots. It is able to facil-
itate intuitive interactions and greatly improve the assembly efficiency
in HRC. IFMs are also widely applied for the optimisation of the manu-
facturing process. IFMs [107] are employed to enable natural language
queries and achieve flexible data visualisation. This allows production
personnel to effectively interact with the process data generated by
the manufacturing system and optimise the manufacturing process. In
order to better understand the knowledge of the manufacturing pro-
cess, knowledge graphs are also utilised to embed multimodal domain
knowledge into IFMs. This aims to achieve a unified representation
of process knowledge and to leverage the excellent perception and
decision-making capabilities of IFMs to analyse the manufacturing
process [108]. Possessing a vast amount of industrial data and domain
knowledge, IFMs are able to realise knowledge retrieval and process
analysis from historical industrial data and fault logs [109], thereby
dynamically analysing and optimising the manufacturing process in
industrial environments.

In conclusion, IFMs have been widely applied to various industrial
domains to solve specific tasks. Ranging from IDMs adapted for in-
dustrial domains and ITMs tailored to specific industrial tasks, these
models have been widely used in industrial domains such as electronics,
steel, textiles, robotics, industrial control, construction, energy, auto-
motive, and aerospace to address specific tasks. Some IDMs and ITMs
for industrial domains are shown in Table 2.

Electronics: Electronics IFMs integrate consumer usage patterns,
and supply chain information to improve product quality, resource
management, and user experience [110]. Haier HomeGPT autonomously
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adapts to user behaviours and offers proactive services. OPPO An-
desGPT leverages RAG technologies and agent-based logic to develop
personal service. BOE XianShi enhances defect detection with high-
fidelity imaging and computer vision foundation models. Nvidia de-
signs ChipNeMo to assist engineers in completing tasks related to chip
design. Electronics IFMs aim to address rapid product cycles, diverse
consumer requirements, and complex global supply chains, enabling
swift adaptation and better-informed decision-making.

Steel: Steel IFMs are developed to leverage operation logs, historical
events, domain guidelines, and sensor data to stabilise production and
ensure product quality [111,112]. Baowu Steel IFM optimises machin-
ing processes, such as rolling parameters, to accelerate production
line adjustments, while ZENITH Steel IFM employs historical failure
analysis for timely fault diagnosis. ANSTeel IFM uses computer vision
technologies to identify real-time surface defect detection. These capa-
bilities help manage parameter variations for different steels, maintain
consistent output standards, and improve operational efficiency.

Textile: Textile [FMs combine market analysis, consumer prefer-
ences, and production factors to achieve agile product development,
efficient inventory management, and responsive customer service [113,
114]. Semir IFM uses knowledge bases to answer queries rapidly,
enhancing customer support. ANTA IFM leverages Al-generated content
to align product designs with evolving consumer tastes, and BOSIDENG
IFM applies “AloT + Large Model” approaches to fine-tune inventory
levels. They can promote rapid iteration and provide stable supply
chains, ensuring that textile manufacturers can swiftly respond to
shifting market conditions.

Robotics: IFMs fuse visual inputs, sensor data, and language in-
structions to guide intelligent and context-sensitive robotic actions.
VoxPoser translates textual policies into feasible movements via vision
language models (VLMs) [115]. ManipLLM [102] uses RGB images
and textual prompts for trajectory prediction. Besides, it integrates em-
bodied sensor data with language models to refine robotic perception.
Robotics IFMs emphasise zero-shot or few-shot adaptability, continuous
learning, and robust motion planning, enabling robots to efficiently
operate in dynamic industrial environments.

Industrial Control: Industrial control IFMs blend operational data,
engineering principles, and equipment specifications to support pre-
dictive and prescriptive decision-making [116,117]. SUPCON-TPT em-
ploys simulation and time-series analysis to enhance flow manufac-
turing. Siemens Industrial Copilot integrates industrial expertise with
code generation for efficient PLC programming. Yuanshan AI uses
retrieval-augmented generation and agent-based logic to improve pro-
cess control. Industrial Control IFMs can reduce downtime and detect
faults before escalation to maintain stable production.

Construction: Construction [FMs handle engineering documents,
regulatory codes, and spatial-temporal data to support safer and more
efficient building projects [118,119]. Construction-GPT accelerates in-
formation retrieval, aiding on-site decision-making under tight sched-
ules. Regulation and standards knowledge model are developed to en-
sure compliance with multiple building codes and safety protocols [51].
AecGPT and UrbanGPT [120] blend design criteria, geospatial insights,
and historical data for blueprint validation and workflow optimisa-
tion. Construction IFMs can manage complex processes and enable
data-driven project coordination across varied construction stages.

Energy: Energy IFMs analyse operational parameters, resource
availability, and environmental conditions to stabilise output, forecast
demand, and ensure safety [121,122]. Antelope Energy Model and
Kunlun Model are developed to optimise energy production planning
and forecasting accuracy. Big Watt processes extensive grid data for
early fault detection, while the Kunlun Model refines meteorological
analysis to improve renewable energy scheduling. Energy IFMs enhance
predictive analytics, balanced resource allocation, and environmentally
responsible operation.
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Table 2
Current IDMs and ITMs in industrial domains.

Domain Name Details Functions

Haier HomeGPT HomeGPT integrates LFM and multimodal technologies to enhance understanding, perception, Intelligent interactions
Electronics decision-making, and adaptability in smart home scenarios. It enables full-scenario intelligent
interactions and solutions. It can achieve autonomous learning when facing unfamiliar issues.
Besides, it also supports proactive house services. For example, it can actively recommend meal

plans based on user preferences and conditions, ensuring a balanced and nutritious diet.

OPPO AndesGPT As the core Al engine of OPPO, the AndesGPT leverages technologies such as Agent and RAG Intelligent interactions
to comprehensively empower OPPO smart devices. It continuously builds knowledge, memory,
tools, and creative capabilities, delivering users a personalised and unique intelligent
experience through Al agents.

BOE XianShi The Xianshi can effectively address defect detection challenges that lack high-quality data and Quality management
high learning cost problems. It helps improve the iteration and deployment efficiency of defect
detection models by 10 times while boosting the efficiency of yield analysis and issue
resolution by 5 times.

Nvidia ChipNeMo ChipNeMo uses a large amount of electronic domain data for adaptive pre-training. The Product design
supervised fine-tuning with domain-specific tasks is used to improve its performance for chip
design. Besides, a retrieval-augmented generation approach is also developed to improve the
answer quality for chip design. ChipNeMo can assist engineers in completing tasks related to
chip design.

Baowu Steel IFM In the hot-rolling production line, engineers need to re-optimise over 300 process parameters Process optimisation
Steel whenever sizes or types of steels are adjusted. BAOWU STEEL IFM is developed to predict the
optimal parameters that can reduce the time required to tune the hot-rolling production line. It
can enhance the yield of finished steel plates and lower production costs.

ZENITH Steel IFM ZENITH Steel IFM is designed for operations optimisation and maintenance in steel production. Predictive maintenance
It integrates historical failure data and public industrial knowledge to provide solutions when & Process optimisation
faults occur. When steel production fails to meet targets, the system can quickly analyse data
and identify causes of issues, making timely optimisation to the production schedule.

ANSTeel IFM ANSTeel IFM is utilised for quality inspection tasks in the steel industry, such as surface defect Quality management
detection on steel and intelligent grading of scrap steel. High-resolution images collected from
industrial cameras can quickly and accurately identify defects on steel surfaces and scrap steel,
achieving an accuracy rate of over 95

Semir IFM Semir IFM has an Al-powered knowledge base, which includes a wide range of information Question answer
Textile across products, services, and processes. It makes the information easily accessible and
shareable, helping the customer service team to answer customer questions more efficiently.
Besides, it is also capable of independently answering simple questions.

ANTA IFM Anta IFM utilises Al-generated content in the product development process to achieve more Product design
accurate insights into the requirements of users, design workflow optimisation, and product
development. It can provide valuable suggestions for engineers about the style of clothes.

BOSIDENG IFM BOSIDENG has designed an “AloT + Large Model” solution to analyse offline store inventory Data analysis
data and customer behaviour precisely. It optimises inventory management and product
restocking strategies to boost store sales. By enhancing the intelligence of the decision-making
process, it has significantly improved sales performance.

VoxPoser VoxPoser is a general robot control framework proposed by Fei-Fei Li at Stanford University. It Intelligent control
Robotics utilises LLMs and VLMs to analyse natural language and make inferences, providing
instructions and constraints based on the analysis. The composed value maps are then used in
a model-based planning framework to zero-shot synthesise closed-loop robot trajectories with
robustness to dynamic perturbations.

ManipLLM ManipLLM is designed for Embodied Al It uses RGB images and text prompts to predict Intelligent control
trajectories of end-effectors through a chain of thought processes. Once initial contact is made,
an active adaptation policy will be employed to plan the upcoming waypoints in a closed-loop
manner.

PaLM-E PaLM-E is an Embodied Model. It directly integrates real-world continuous sensor data into Intelligent control
language models, establishing a connection between words and percepts. The inputs of PaLM-E
consist of multimodal sentences that combine visual information, continuous state estimations,
and textual inputs. It outputs the instructions and commands for robot control.

SUPCON-Time-series TPT combines simulation and prediction capabilities to support flow manufacturing control in Predictive maintenance
Industrial control Pre-trained Transformer different industrial scenarios. Massive industrial data from various production, operations,
processes, and equipment are used to train it. It can achieve high-precision, high-reliability and
closed-loop applications across different industrial scenarios, thereby significantly enhancing
the efficiency of industrial applications.

Siemens Industrial Siemens developed Industrial Copilot by leveraging extensive industrial knowledge, real-world Code generation
Copilot cases, and domain-specific expertise. It has been trained to understand natural language for

PLC code generation and HMI graphical interface creation by integrating the ladder diagram,

instruction list, and hardware. It can reduce repetitive tasks, enhance production efficiency,

and shorten development time.

(continued on next page)
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Table 2 (continued).
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Yuanshan Al

YuanShan Al adopts a hybrid artificial intelligence approach, integrating RAG, Agent, and
multimodal technologies in intelligent industrial control scenarios. It aims to achieve effective
advanced process control, manufacturing process optimisation and process improvement of
industrial control.

Process optimisation

Construction

Construction-GPT

AecGPT

UrbanGPT

CivilGPT

Construction-GPT integrates IFM with industry-specific standards, drawings, and technical
documents. Construction-GPT can support a quick dialogue-based query process, which reduces
the time for technical references, enabling engineers and project managers to make faster,
data-driven decisions directly at worksites.

AecGPT is developed based on Glodon’s industry-focused Al tools by integrating IFMs with a
broad range of construction-specific data—standards, drawings, and regulations. It ensures
comprehensive domain knowledge and seamless adaptation to various construction workflows.
The key functions are automating repetitive tasks, enabling rapid retrieval of technical
information, and generating professional-level content.

UrbanGPT is developed by integrating a spatio-temporal dependency encoder into LLMs. The
instruction-tuning paradigm is employed to enhance generalisation across diverse
spatio-temporal learning scenarios. It aims to accurately predict and analyse various urban
dynamics over time and space, support zero-shot spatio-temporal prediction tasks, and provide
insightful, data-driven guidance for urban planning, resource allocation, and policy-making.

CivilGPT is a domain-specific IFM developed by integrating large-scale professional knowledge
bases such as multi-course curricula, textbooks, standards, and exam questions into a civil
engineering knowledge graph. It can provide personalised learning paths, intelligent Q&A, and
context-aware decision support in civil engineering education and practice.

Content generation

Decision making

Decision making

Question & Answer

Energy

Kunlun Model

Big Watt

Antelope Energy Model

Kunlun Model is designed to integrate industrial data with scenarios on a unified Al platform.
It enhances domain-specific intelligence across exploration, refining, sales, and equipment
manufacturing. Additionally, it enables multimodal human-machine interaction and supports
continuous model optimisation through data feedback.

South China Power integrates large-scale domestic Al to construct independent and controllable
electric power models. The key functions are to enhance automation and accuracy in power
grid operations, such as detecting line defects, improving inspection efficiency by identifying
multiple types of equipment flaws, and providing real-time assistance in diverse application
scenarios.

Antelope Energy is developed by leveraging the iFlytek Spark V4.0 large model as the core
technology to integrate extensive energy industrial datasets and domain knowledge. It is
tailored to fit diverse energy scenarios like wind, solar, hydro, thermal, and nuclear. It can
handle multimodal information, generate specialised content, conduct knowledge-based Q&A,
and forecast renewable power.

Process optimisation

Predictive maintenance

Process optimisation

Automotive

BMW Assistant

Xpeng Tianji

BYD Xuanji

The BMW Assistant is developed by integrating Amazon’s Alexa IFM into BMW’s system and Al
platform. It features augmented reality visualisation through XREAL Air 2 AR glasses and
enhanced connectivity. Its key functions include personalised voice assistance for
vehicle-related queries, real-time AR navigation and hazard warnings, and seamless integration
of entertainment features.

Xpeng Tianji is built on LLM with extensive real-world driving data. It integrates a map-free
approach with AI Eagle Eye vision to achieve L3-level autonomous driving capabilities. Its key
functions include delivering advanced autonomous driving across all vehicle lines without
additional cost, enabling adaptive chassis control, and personalised cockpit features.

BYD Xuanji leverages the integration of electrification and multimodal technologies to develop
IFM. Its core capabilities include end-to-end intelligent vehicle applications, spanning
perception, decision-making, and precise control. It supports advanced autonomous driving and
offers automotive parking. Additionally, Xuanji delivers personalised in-cabin experiences and
incorporates adaptive systems to enhance operational efficiency comprehensively.

Decision making

Decision making

Decision making

Aerospace

Aerospace-Baidu
Wenxin Model

NASA Embedded
Knowledge + ChatGPT

It is developed by integrating Wenxin IFM with specialised aerospace-sector datasets. Employing
advanced computational techniques, domain-specific knowledge to enhance the comprehension
and processing of complex deep-space information. The key functions include automated data
analysis, knowledge integration, and context-specific generation for deep-space exploration.

The model is developed by integrating GPT-4 with a Neo4j-based knowledge graph for NASA’s
roadmap, combining retrieval-augmented generation and graph-driven queries. The key
functions are automated requirement analysis, relation prediction, and enhanced data
organisation, enabling more precise decision-making.

Question answer

Decision making

Automotive: Automotive IFMs integrate sensor data, engineering
specifications, and operational logs to optimise overall driving ex-
periences [123]. BMW Assistant leverages IFMs frameworks for re-
sponsive in-vehicle support, guiding drivers through dynamic traffic
conditions while optimising vehicle performance [124]. Xpeng Tianji
applies vision-based reasoning to refine autonomous driving. BYD Xu-
anji incorporates multimodal inputs, including camera images and
radar signals, to achieve reliable, efficient, autonomous navigation.
Automotive IFMs facilitate informed decision-making and maintain
compliance with rapidly evolving vehicular standards.
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Aerospace: Aerospace IFMs employ domain-specific datasets, en-
gineering schemas, and retrieval-augmented reasoning to manage mis-
sion planning, data organisation, and regulatory adherence. Aerospace-
Baidu Wenxin Large Model integrates technical documentation, flight
data, and environmental parameters to guide operational decisions in
advanced aerospace applications. NASA Embedded Knowledge Graph+
ChatGPT utilises structured queries and domain-tailored retrieval tech-
niques to streamline resource allocation, compliance checks, and knowl-
edge management [125]. Aerospace IFMs enhance safety protocols,
optimise route planning, and provide decision support that meets the



S. Zhao et al.

Data Collection Data Cleaning

Private Data Missing Data

Motion

Temperature Pressure

Failure Interruptions

Humidity Force

Maintenance /
Calibration Perio

Unplanned
Shutdowns

Noise Data

Sensor Downtime / Network Latency/

ds

—

= — . Electromagnetic Sensor Drift /
a Maintenance
Operational Data  Process Data iscalibrati
P & Quality _» Interference Miscalibration
Public Data Mechanical W&A  Environmental
/ Vibration Factors
Text Image Video Sensor
t t t Repeat Data
A 00 Backup/Restore  Network Jitter /
m " m m LL.!J %77 Operations Retransmission
— U Manual System
Government Association  Institution Standardization Redundancy Switchovers

Documents

Journal of Manufacturing Systems 82 (2025) 420-448

Data Preparation &
Feature Engineering

Feature Normalization

Data Labeling

Image/Video
Bounding Box
Segmentation Mask
Key Point/Landmark
Text

Text Classification

Named Entity Recognition (NER) >

Text Alignment/Translation Annotation

Feature Transformation

Audio/Voice

[T T

P |

Final Features

Forced Alignment / Word-Level Alignment

Audio Event Detection

Speaker Diarization / Speaker ID Feature Selection

Fig. 5. Data analytics approach for IFMs.

stringent demands of aerospace exploration, ensuring that missions are
aligned with intricate engineering constraints [90].

4. Key technologies of IFMs
4.1. Data analytics of IFMs

Data analytics integrates large-scale and heterogeneous data to
extract meaningful features, which is the foundation of IFMs. It includes
data acquisition, data cleaning, data labelling, data preparation and
feature engineering, as illustrated in Fig. 5.

4.1.1. Data acquisition

Data acquisition constitutes the foundation for advanced analyt-
ics and predictive modelling of IFMs [126]. Industrial data encom-
passes enterprise-private and public data as their different sources,
accessibility, sensitivity, and usage.

Public data refers to industrial data accessible to everyone and
can be freely shared [127]. It does not include critical business in-
formation or private details. Common types of public data include
four primary groups: (1) Government and regulatory data: regulations,
production data, standards, growth trends and other statistics made
available through government agencies. (2) Association data: pub-
lished market trends, technical standards, and best-practice guidelines,
which are often presented as textual documents or reports [128]. (3)
Standardisation documents: text-heavy references such as invention
patents and technical reports that are used to improve implementation
and drive technological innovation within industries. (4) Institutional
and academic research outputs: peer-reviewed articles, open-access
datasets, and benchmarking studies from universities or research insti-
tutes. These datasets cover different tasks (e.g., defect detection, fault
diagnosis) across various industrial scenarios, presented in multiple
formats, including text, images, videos, and audio [129].

Private data includes an industrial dataset, which contains sensitive
information restricted to authorised users. It often involves technol-
ogy details or customer-related information, which are crucial for
maintaining a competitive edge [130]. Private data typically contains
three major categories: (1) Operational data: real-time sensor read-
ings (e.g., vibration amplitude, temperature, force) and industrial IoT
capture continuous numeric signals related to machine health [131].
(2) Process data: production schedules, assembly-line metrics, out-
puts from supervisory control, and data acquisition platforms typi-
cally encompass numerical records. (3) Maintenance records: equip-
ment maintenance logs, fault reports, and quality inspection results
stored as text documents (e.g., work-order summaries, spare-part usage
reports) [132].
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Private data often contains personally identifiable information,
making privacy-preserving approaches crucial in industrial contexts.
To ensure data privacy, secure multi-party computation (SMPC) can be
employed to encrypt data at source nodes for collaborative analysis, en-
suring that original data never leaves local environments. For instance,
in supply chain analytics, manufacturers and suppliers can encrypt their
respective data and use SMPC to jointly train predictive models, with
only aggregated model updates shared. This approach prevents the
exposure of private data while enabling collaborative model training.
Differential privacy introduces controlled statistical noise into data to
ensure that the presence of a single data record does not significantly
affect model training, thereby mathematically guaranteeing the indis-
tinguishability of individual privacy. For example, Laplace noise can
be added to data before it is input into IFMs. The noise intensity is
regulated by a privacy parameter e¢. Lower e values mean stronger
privacy, but the data becomes less precise. Higher ¢ values allow the
model to be more accurate but offer less privacy protection. It is a trade-
off between keeping data private and making sure the model works
well.

4.1.2. Data cleaning

Industrial raw data is frequently compromised by a variety of issues,
including missing values, noisy data, and redundant data, each of which
can critically undermine the reliability and robustness of downstream
analyses [133,134].

Missing data may arise from sensor downtime, network latency, or
equipment shutdowns [135]. Advanced imputation techniques, such as
basic statistical interpolation (e.g., linear or spline interpolation) and
more elaborate approaches like multiple imputation, can help maintain
temporal coherence and signal integrity. Besides, domain knowledge
about normal ranges or standards can be utilised to guide how and
when to interpolate missing values [136].

Noise data is a common issue in industrial data analytics, as distur-
bances, sensor errors, or mechanical wear can introduce spurious spikes
or drifts [137]. Filtering algorithms (e.g., moving average, Butterworth
filters) can smooth out high-frequency fluctuations, while wavelet-
based de-noising methods [138] can systematically identify and remove
transient anomalies while preserving critical event markers. For spe-
cialised applications such as vibration analysis in rotating machinery,
frequency-domain techniques (e.g., Fourier transform) filter out fault
signals from noise [139].

Redundant or duplicated data may appear when data acquisition
systems overlap [140]. Though some levels of redundancy can serve
as a backup measure, excess duplication risks will inflate data vol-
umes and slow model training. Data integrity involves cross-verifying
timestamps, sensor IDs, and recorded parameters to pinpoint duplicated
rows or conflicting data segments. By implementing version control
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systems and robust data-cleaning pipelines, industrial organisations
ensure that their datasets remain coherent to reduce the likelihood of
fake correlations.

4.1.3. Data labelling

Accurate labelling is critical for supervised model training, essential
in industrial contexts, such as predictive maintenance, defect detection,
and process optimisation [141].

In predictive maintenance, historical sensor data must explicitly
indicate instances of abnormal wear, partial malfunctions, or break-
downs. These labelled instances from the positive examples can be
used to train classification or regression models for prediction. When
dealing with defect detection tasks, vision systems capture images or
videos of products, which are then annotated with bounding boxes or
segmentation masks that locate and describe flaws such as scratches
and stains. However, high-quality labels can be time-consuming and
expensive, particularly in large-scale industrial settings [142]. Con-
temporary data annotation pipelines increasingly rely on systematic
labelling protocols and rigorous quality assurance to support large-
scale machine learning applications [143]. In audio processing, audio
event detection and speaker identification further highlight the need for
meticulously defined labelling guidelines. Although crowd-based plat-
forms can expedite these processes for high-volume, lower-complexity
tasks, final validation by domain experts remains indispensable in
specialised settings [144]. To ensure reliability across annotators, inter-
annotator agreement metrics (e.g., Cohen’s kappa, Fleiss’s kappa) can
be employed to quantify consensus levels and reveal potential sources
of variance [145]. By integrating structured workflows, continuous ver-
ification, and domain-informed oversight, modern annotation pipelines
can effectively align labelling outputs with the stringent quality de-
mands of advanced machine learning systems [146]. Where data pri-
vacy is a concern, labelling processes may also be conducted using
anonymised datasets or secure platforms that limit the exposure of
sensitive details to annotators. Techniques such as differential privacy
can ensure that statistical aggregates derived from labelled data do not
reveal individual-level confidential information.

4.1.4. Feature engineering

Following the data cleaning and labelling stages, datasets are re-
fined for model training through targeted preparation and feature
extraction [147].

Feature normalisation can mitigate scale discrepancies among sen-
sor readings [148]. For instance, the temperature may vary from 0 °C
to 100 °C, vibration amplitude is measured in microns, and pres-
sure spans several orders of magnitude in Pascals. Techniques like
min-max scaling and Z-score normalisation convert data to a uniform
numerical range, thereby improving model training efficiency and ac-
curacy [149]. Feature transformation enhances the model’s capacity
to identify underlying patterns. In the context of rotating machin-
ery diagnostics, Fourier transforms can isolate characteristic frequency
bands indicative of mechanical faults such as unbalance and mis-
alignment, while wavelet transforms are able to effectively localise
transient spikes or abrupt shifts in time-series data. Feature selection
mitigates dimensionality issues, particularly when numerous param-
eters (e.g., temperature, flow rate, torque, and acoustic signals) are
recorded [150]. Iterative wrapper and embedded methods evaluate fea-
ture importance and systematically eliminate less informative variables,
thereby reducing computational demands while preserving predictive
accuracy. Data privacy can be integrated into feature engineering by
excluding or anonymising sensitive data, while secure computation and
encryption allow multiple stakeholders to contribute without disclosing
proprietary information. These measures enable robust IFMs that fully
leverage large-scale data while maintaining strict privacy standards.
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4.2. Development technologies for IFMs

This section presents the key development technologies for IFMs.
It includes an introduction to pre-trained foundation models, instruc-
tions on training IFMs using foundation models as the backbone, and
instructions on adopting IFMs for specific industrial applications.

4.2.1. Foundation models

The idea of the “foundation model” was initially proposed by
Bommasani et al. [151] at Stanford’s Human-Centred Al initiative.
These models are broadly characterised as large-scale frameworks de-
veloped through self-supervised or semi-supervised learning, making
them adaptable for numerous downstream tasks. This shift departs from
narrowly focused models, favouring general-purpose systems trained
once and that can handle diverse applications. The approach facilitates
faster model customisation, enhances performance across different con-
texts, and demonstrates unique emergent capabilities stemming from
training on vast datasets [45,152].

The term “industrial foundation model” lacks a universally stan-
dardised definition but generally refers to extensive Al models, often
deep learning-based, designed for large-scale, practical applications
in industries like manufacturing and robotics. These models are built
using vast datasets and are tailored to address complex, real-world
challenges. Frequently, IFMs rely on pre-trained foundation models as
their backbone, which are either fine-tuned or further trained to suit
specific industrial needs. Pre-trained foundation models have demon-
strated exceptional capabilities in feature representation learning across
tasks such as text analysis [153,154], image processing [155], and
graph-based classification [156]. These models leverage large-scale
datasets for initial training and efficiently adapt to smaller, related
tasks, enabling swift data analysis. With a focus on industrial and
manufacturing applications, this study examines pre-trained models
in domains such as vision, language, and their intersection, alongside
exploring their impact in areas like NLP, CV [157], and graph learning
(GL) [158].

In 2021, the term “foundation model” was introduced to describe
models trained on vast datasets that are capable of being adapted to
numerous downstream tasks [151]. Three key features distinguish these
models:

« In-context learning: This allows models to perform new tasks using
only a few examples, eliminating the need for additional training or
fine-tuning.

o Scaling laws: These indicate that performance continues to im-
prove as the size of the dataset, computational power, and model
complexity increase.

» Homogenisation: This feature enables specific architectures to
process different data types and tasks within a unified framework.

These characteristics make foundation models highly versatile for a
variety of applications.

This section discusses pre-trained foundation models categorised by
input type: the Transformer, as well as pre-trained models for language,
vision, vision-language, and multimodality.

4.2.2. Pre-trained foundation models

Transformer: The Transformer architecture serves as the founda-
tion for numerous advanced models, including GPT-3 [159], DALL-E-
2 [160], Codex [161], and Gopher [162]. It is developed to address the
challenges of traditional models like RNNs in managing variable-length
sequences and maintaining context. At its core, the Transformer relies
on a self-attention mechanism, enabling the model to effectively focus
on different parts of an input sequence.

The architecture includes two primary components: an encoder
and a decoder. The encoder processes the input sequence to generate
hidden representations, while the decoder uses these representations to
produce the output sequence. Each layer in the encoder and decoder
includes multi-head attention mechanisms and feed-forward neural
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networks. The multi-head attention mechanism is pivotal, as it assigns
varying levels of importance to tokens based on their relevance. This
allows the model to capture long-term dependencies better and improve
performance across various NLP tasks.

The Transformer’s design is also highly parallelisable, enabling
efficient computation and reducing reliance on inductive biases [76].
This property makes it suitable for large-scale pre-training, allowing
Transformer-based models to adapt seamlessly to diverse downstream
tasks.

Pre-trained language foundation model: LLMs refer to large-
scale deep neural networks trained on massive datasets and are the
foundation for modern NLP. A significant advancement in this field is
the introduction of Transformer-based architectures, which dominate
pre-trained language models’ backbone due to their efficiency and
scalability. Transformers, particularly in recent LLMs, often use autore-
gressive decoder-only designs consisting of multiple Transformer blocks
trained to predict the next token. These autoregressive models, such as
GPT-3 [163] and OPT [164], follow a left-to-right language modelling
approach, making them highly effective for generative tasks. In con-
trast, masked language models, like BERT [165] and RoBERTa [166],
focus on predicting masked tokens within a sentence and excel at
extracting contextual representations for downstream tasks.

The datasets powering these models are of Internet-scale. For ex-
ample, GPT-3’s [163] use of 45TB of filtered data from CommonCrawl,
spanning from 2016 to 2019, and Codex’s [167] training on a snap-
shot of 54 million public software repositories from GitHub to enable
programming capabilities. These pre-trained models generalise across
diverse domains and handle multiple data formats, such as natural
language, programming languages, and structured data like JSON and
YAML

LLMs are versatile in their input-output capabilities, primarily sup-
porting two transformations: Language — Language and Language —
Latent. For Language — Language, models like GPT-3 [163], LLaMA
[76,76], and others facilitate complex reasoning tasks through tech-
niques such as Chain of Thought (CoT) prompting [168,169]. These
models are not restricted to natural language, they can also process pro-
gramming code and other structured formats. In contrast, Language —
Latent transformations are exemplified by models like BERT [165] and
RoBERTa [166], which map language into latent space representations.
These embeddings can be used for sentence similarity, information
retrieval, and other tasks by leveraging intermediate-layer features.

Language models offer additional advantages in robotics. They pro-
vide robots with human-like common sense, enabling them to per-
form motion planning and object recognition tasks. Through in-context
learning, robots can adapt to new tasks with minimal examples. How-
ever, challenges like hallucination — where models generate incorrect
outputs — highlight the need for robust mechanisms to ensure reli-
ability. Overall, Transformer-based LLMs, whether autoregressive or
masked, continue to revolutionise natural language processing and
beyond, driving advancements in generative, retrieval, and multimodal
applications.

Pre-trained vision foundation models: Large Vision Models
(LVMs), which serve as foundation models for images, can be broadly
classified based on their input and output relationships into two cate-
gories:

« Vision — Latent: These models are designed to map visual data
from diverse sources into a latent space, effectively compressing im-
age information into lower-dimensional vectors that capture high-level
features. Examples include R3M [170] and VC-1 [171], which focus
on extracting meaningful representations from images. This type of
learning is often self-supervised, enabling the construction of large
datasets with minimal manual effort.

» Vision — Recognition: This category involves performing tasks
such as semantic segmentation, instance segmentation, and object de-
tection on images. Recognition tasks typically rely on language labels to
classify or annotate images. Models like Segment Anything [33] excel

432

Journal of Manufacturing Systems 82 (2025) 420-448

in image segmentation, allowing for precise segmentation of entire
images or specified regions using points or bounding boxes. Building
on this, more advanced models like Tracking Anything [172] and
Faster Segment Anything [173] have been introduced for enhanced
applications.

While some models combine aspects of Vision — Vision or Latent
— Vision, effectively utilising them for diverse tasks often requires
conditioning on language. Vision — Recognition tasks, in particular, are
more labour-intensive due to the need for manually labelled datasets,
unlike the more scalable self-supervised approaches of Vision — Latent
tasks. The following section will explore the integration of vision and
language in these models, showcasing their broader applications.

Pre-trained multimodal foundation models: Recent advance-
ments in Multimodal Large Language Models (MLLMs) have been
explored extensively by Zhang et al. [174], who examined neural
networks that extend LLMs with multimodal capabilities. Their study
evaluates the performance of significant MLLMs across 18 vision-
language benchmarks and provides an overview of MLLMs architec-
tures. As an example, IFMs built upon metaverses are introduced
to support natural interactions and intelligent operations between
humans and machines. They function as the operating systems of indus-
trial parallel machines, offering persistent data resources and diverse
scenarios for control and management tasks. In this context, IFMs
integrate vision foundation models, language foundation models, and
operational foundation models. This unique combination is designed
to handle resource management within industrial parallel machines
and deliver comprehensive support for industrial workflows [175].
However, their analysis does not address the Type-D 3.4 multimodal
architecture, a novel and increasingly popular approach for creating
flexible any-to-any modality models. Similarly, Yin et al. [176] offer
an in-depth exploration of typical multimodal architectures, including
pre-training, fine-tuning, alignment methods, and data usage. Yet, their
work also fails to address Type-D architecture. Caffagni et al. [177]
present a detailed review of multimodal architectures, summarising
key components such as LLM variants, vision encoders, and adapters
for vision-to-language connections. Despite their broad discussion of
domain-specific applications like document analysis, medical imaging,
autonomous driving, and embodied AlI, Type-D multimodal architecture
remains unmentioned.

Efficient MLLMs follow a standard framework comprising three core
modules: a visual encoder GGG to process visual inputs, a pre-trained
language model for multimodal reasoning, and a visual-language pro-
jector PPP to align the two modalities. MLLMs’ optimisation efforts
focus on processing high-resolution images, compressing vision tokens,
and employing lightweight language models to improve efficiency. Key
strategies include compact architectures, efficient structures, and token
compression mechanisms.

Built on the above foundation models, research efforts of IFMs on
real-world applications have been widely explored in recent years. The
key applications in manufacturing and robotics are summarised below,
and they are powered by large-scale pre-trained models tailored for
industrial data modalities such as vision, language, CAD, IoT, and robot
trajectories:

+ Visual inspection & defect detection: IFMs trained on multimodal
industrial data (e.g., vision-language pairs, CAD renderings) can
generalise to novel defects and parts without task-specific retrain-
ing [178].

General-Purpose skill learning: Robotics Foundation Models learn
skills across diverse tasks (e.g., pick-and-place, assembly) using
language-conditioned policies or video-language datasets [179,
180].

Predictive maintenance & industrial time series modelling: Foundation
models for time-series and sensor data can detect early signs of
equipment failure across different machine types [181].
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Fig. 6. LLM-enabled HRC assembly [192].

CAD & CAM understanding: CAD foundation models understand
and generate 3D shapes, assist in design automation, and interpret
design intents via natural language or sketch inputs [182,183].
Digital twin modelling and simulation: Foundation models power
digital twins for real-time process modelling, optimisation, and
simulation from historical plant data and structured documents,
such as simulation of energy systems, production lines using
multimodal industrial data [184-186].

Assembly planning & task understanding: IFMs assist in understand-
ing part relations, assembly sequences, and affordances from
multi-modal input (text, image, 3D scans), and the typical ex-
amples include zero-shot task understanding and automated plan
generation for new products [187-189].

Natural language interfaces for machines or robots: Multimodal foun-
dation models allow users to interact with machines using lan-
guage, e.g., “assemble this part”, or “inspect for scratches [190].
For example, Fig. 6 shows an overview of LLM-enabled HRC
assembly. It employed a large language model-driven reasoning
method for text-based assembly task description and robot control
commands interpretation and execution [191].

4.2.3. Learning methods for pre-trained foundation models

Pre-trained foundation models represent a transformative shift in
machine learning, offering a scalable and versatile framework for di-
verse tasks across domains. These models leverage a variety of learning
paradigms, each contributing uniquely to their capability to gener-
alise and adapt. The primary learning methods include supervised,
semi-supervised, weakly supervised, self-supervised, and reinforcement
learning, often applied in pre-training, fine-tuning, and transfer learn-
ing stages [193]. Table 3 lists the comparison of these learning meth-
ods.

Supervised learning: Supervised learning [194] forms the foun-
dation of many traditional machine-learning approaches by utilising
datasets with explicit input-output pairs. This method is highly effec-
tive for tasks requiring precision, such as image classification, object
detection, and text translation. However, its reliance on large, high-
quality labelled datasets can pose significant challenges in cost and
scalability.

Semi-Supervised learning: To address the limitations of supervised
learning, semi-supervised learning [195] combines a small amount of
labelled data with a larger pool of unlabelled data. Techniques like
pseudo-labelling and consistency regularisation enable models to utilise
unlabelled data effectively. This approach is beneficial when obtaining
labelled data is expensive or impractical, such as in medical imaging
or resource-constrained natural language applications.

Weakly supervised learning: Weakly supervised learning [196]
reduces the dependence on perfectly labelled datasets by using noisy,
incomplete, or imprecise annotations. Common in medical diagnostics
and remote sensing applications, this method relies on strategies such
as label smoothing and noise-robust training to handle label uncertainty
while extracting meaningful insights.
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Self-supervised learning: Self-supervised learning [197] allows
models to learn directly from the data structure by defining surrogate
tasks, eliminating the need for manual labelling. Methods like masked
language modelling in BERT and contrastive learning in vision models
(e.g., SimCLR) exemplify this paradigm. This approach is a cornerstone
of pre-training foundation models, enabling them to acquire robust,
generalisable representations suitable for downstream tasks.

Federal learning: Federal learning [198] is a distributed machine
learning approach that enables multiple parties to collaboratively train
a shared global model while keeping their data localised. It offers a
promising solution for privacy-preserving, distributed model training
by allowing collaborative learning without centralising raw data. In
industrial tasks, a federated learning approach can be used to protect
the data privacy of industrial big data. The model can be trained
locally using private data first, and then transferred to the cloud for
collaborative training to build a complete model.

Reinforcement learning: Reinforcement learning [199] trains
models through interaction with an environment, using rewards and
penalties to optimise decision-making. This paradigm is especially valu-
able for sequential tasks like robotics, game-playing, and autonomous
systems. Combined with pre-trained foundation models, reinforce-
ment learning enhances their reasoning and adaptability in dynamic,
complex environments.

Explainable AI (XAI): Deep learning models are often regarded as
“black boxes” due to their complex network structures and a large
number of parameters. This restricts their applications in industrial
scenarios with high requirements for safety and decision-making trans-
parency. XAI aims to mitigate this black-box nature and understand
the reasoning behind the decisions of AI models. Current research
on XAI focuses on data explainability, model explainability, and post-
hoc explainability. Data explainability aims to gain a better under-
standing of the datasets before training the model. Common meth-
ods include exploratory data analysis, explainable feature engineering,
dataset description standardisation, and knowledge graphs. Model ex-
plainability aims to create deep learning models that are naturally more
understandable. Hybrid explainable models, such as Deep Weighted
Averaging Classifiers, Contextual Explanation Networks, and Neural-
Symbolic models, can visualise the weights of convolutional kernels
or the propagation process. This helps to present the internal in-
formation of the model and reveal its decision-making mechanism.
Besides, the regularisation techniques or decision trees can also be
utilised to enhance the explainability of models. Post-hoc explainability
elucidates significant features to analyse the decision-making process of
deep learning models. The Gradient-weighted Class Activation Mapping
(Grad-CAM) can generate high-resolution activation maps and mark the
most critical parts by introducing gradient information. There are also
methods that aim to quantify the contribution of each feature to the
model prediction, thereby improving the explainability of deep learning
models.

Stages of learning for foundation models: Foundation models
typically undergo three stages of learning: pre-training, fine-tuning, and
transfer learning [200].

« Pre-training involves training on large-scale datasets, often using
self-supervised or semi-supervised techniques, to learn general-purpose
representations.

« Fine-tuning tailors these pre-trained representations to specific
downstream tasks using smaller, task-specific datasets.

« Transfer learning leverages the representations learned during pre-
training to adapt models efficiently to new tasks or domains. It often
requires minimal labelled data.

These learning methods and stages empower pre-trained foundation
models to excel across diverse applications. These models balance effi-
ciency, scalability, and adaptability by integrating multiple paradigms,
making them indispensable in modern Al systems.
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Table 3

Comparison of the selected learning methods.
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Aspect Supervised learning Semi-supervised Weakly-supervised Self-supervised learning Reinforcement learning
learning learning
Definition Learning from fully Learning from a Learning from Learning by generating Learning through

Type of data

Goal

Dependency on labels

Advantages

Challenges

Key examples

labelled data.

Fully labelled dataset.

Predict correct labels
for new data.

High—requires labels
for all training
examples.

High accuracy and
reliable predictions
when data is fully
labelled.

Expensive and
time-consuming to label
large datasets.

Image classification,
object detection with
labelled datasets.

combination of labelled
and a larger amount of
unlabelled data.

Small labelled dataset
and large unlabelled
dataset.

Use unlabelled data to
improve prediction
accuracy.

Moderate—requires
fewer labels compared
to supervised learning.

Reduces labelling costs
by utilising unlabelled
data.

Requires careful
balance between
labelled and unlabelled
data.

Semi-supervised image
segmentation, text
classification.

Commonality Data-driven approaches
use optimisation
techniques to minimise
errors or maximise

objectives.

Exploits data to learn a
mapping from input to
output or an effective
policy based on task
requirements.

imprecise, incomplete,
or noisy labels.

Data with weak or
noisy labels (e.g.,
partial annotations,
class labels instead of
instance labels).

Learn robust models
from weakly labelled
data.

Moderate—relies on
weak labels.

Handles scenarios
where exact labelling is
impractical or
expensive.

Performance depends
on the quality of weak
labels.

Learning from tags,
bounding boxes instead
of pixel-wise

labels from input data
without explicit human
annotations.

Unlabelled data with
the inherent structure
for defining tasks.

Learn rich data
representations or solve
pretext tasks.

Low—no manual labels
required.

Learns features that
generalise well across
tasks.

Designing effective
pretext tasks and
architectures.

Contrastive learning,
autoencoders, or
masked token

trial-and-error by
interacting with an
environment to
maximise cumulative
rewards.

Interaction data with
states, actions, and
rewards from the
environment.

Learn an optimal policy
for decision-making or
control.

Depends on reward
signals, not explicit
labels.

Solves sequential
decision-making
problems; handles
dynamic environments.

Exploration vs.
exploitation trade-off;
sparse or delayed
rewards can be
challenging.

Robot control, game
playing (e.g., AlphaGo),
autonomous driving.

annotations. prediction (e.g., BERT).

Learning Paradigm:
Uses available data
with task-specific
objectives to train
models in a defined
domain.

4.2.4. Industrial domain models

The IFMs represent a transformative Al technology tailored for
industrial contexts. It utilises vast, industry-specific datasets and tem-
plate libraries encompassing sensor data, events, asset details, and
operational insights to deliver precise and actionable intelligence. By
streamlining complex industrial processes, IFMs provide valuable pre-
dictions and insights, making them essential for enhancing manufactur-
ing, maintenance, and process optimisation.

To further elevate data intelligence across industries, researchers at
Microsoft Research Asia have introduced the concept of IFMs. Their
strategy involves adapting IFMs through post-training on industry-
specific data science tasks, embedding domain-specific expertise, and
refining in-context learning capabilities. This approach aims to develop
IFMs that excel in diverse tasks, enabling predictive and logical reason-
ing tailored to industrial needs while extracting transferable knowledge
across various domains. SymphonyAl has announced one of the first
industrial LLMs to accelerate large-scale industrial transformation, un-
derscoring the growing role of such models in reshaping industry
operations.

The Industrial LLM is built using one of the most extensive in-
dustrial datasets globally, encompassing 1.2 billion tokens, 3 trillion
data points, over 500,000 machine tests, 150,000 components, and
80,000 unique assets. This vast training foundation enables it to harness
predictive and generative Al to enhance operational efficiency, pro-
ductivity, and profitability by providing operators with contextualised
insights for faster, better-informed decisions. The model delivers action-
able, context-aware data up to 90% faster than conventional systems,
significantly improving response times.
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Hosted on Microsoft Azure, the Industrial LLM seamlessly integrates
and contextualises manufacturing operation data at all scales, from
individual equipment to multi-plant global operations. It serves as a
stand-alone intelligence system for addressing asset performance and
reliability questions or can be connected with downstream systems
and plant data sources. Both deployment modes facilitate real-time,
measurable business outcomes while cultivating a more knowledgeable
and interconnected workforce.

By leveraging diverse data sources, such as events, sensor readings,
asset details, work orders, warranty information, product documenta-
tion, troubleshooting manuals, and maintenance reports, the Industrial
LLM empowers manufacturers to derive meaningful insights. Its self-
learning capabilities allow it to adapt dynamically to new data and
operational changes, ensuring it stays relevant in fast-paced environ-
ments. Additionally, the Industrial LLM makes years of domain ex-
pertise accessible to operators and plant managers, enabling even less
experienced users to effectively address complex challenges and drive
improved outcomes across manufacturing and maintenance workflows.

The Industrial LLM is among the first large language models explic-
itly tailored for industrial applications. It is trained on extensive propri-
etary datasets and a carefully curated knowledge base to handle tasks
critical to industrial users. These tasks include diagnosing machine
conditions, providing prescriptive recommendations, and addressing
inquiries about specific fault scenarios, test procedures, maintenance
workflows, manufacturing processes, and industrial standards.

Currently offered in a private preview, the Industrial LLM enables
developers to create custom industrial applications through its API It
will be accessible via the Microsoft Teams Al Library and as a model
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Table 4
Key differences between LLMs and IFMs [175].
Aspect LLMs IFMs
Purpose Focused on natural language Tailored for specific industry
understanding and generation. applications (e.g., healthcare,
finance, manufacturing).
Data Trained on general-purpose Trained on domain-specific
datasets, often web-scraped data with targeted datasets
text. relevant to the industry.
Capabilities Broad linguistic and reasoning  Deep expertise in narrow,

Training scope

abilities across many domains.

Generalised to handle diverse
tasks like summarisation,
translation, Q&A.

specialised areas of industry.

Focused on solving specific
industry challenges, e.g.,
detecting anomalies in
machinery.

Model size Typically very large (e.g., Smaller to moderate size,
GPT-4, LLaMA 2, exceeding often optimised for specific
100B parameters). tasks or environments.

Customisability ~ Requires fine-tuning or Often pre-customised for
prompting for domain-specific industry needs, requiring less
applications. additional tuning.

Deployment Use in various general-purpose  Integrated into industrial
applications, including workflows, systems, or IoT
chatbots and content creation. environments.

Real-time Prioritises human interaction Often designed for

usage and response generation. automation, predictive

maintenance, or real-time
decision-making.

Regulatory Handles generic content with Must adhere to strict industry

concerns minimal regulatory standards and regulations
constraints. (e.g., FDA for healthcare, ISO

for manufacturing).

Accessibility Open access or via APIs for a Often restricted access, with
broad audience. deployment requiring

industry-specific expertise.

Optimisation Maximising linguistic Optimised for efficiency,

goals understanding and creativity. accuracy, and reliability in

industrial tasks.

within the Model Catalog in Azure Machine Learning Studio. Addition-
ally, it is positioned as a valuable educational resource for universities
and colleges, helping to equip the next generation of professionals with
skills in intelligent manufacturing.

Unlike general-purpose models like LLMs, ILMs are developed with
a targeted focus, leveraging domain-specific data, optimisation strate-
gies, and architectures. Table 4 summarises the difference between
LLMs and IFMs, and the Key Characteristics of ILMs are summarised
below:

Domain-Specific Training: ILMs are trained on datasets curated
from specific industries. As one example, manufacturing models might
rely on sensor data, CAD designs, or assembly line logs. This ensures
the models are highly specialised and effective within their application
area.

Targeted Optimisation: Models are optimised for tasks like
anomaly detection, predictive maintenance, fraud detection, or risk
analysis. Unlike LLMs, which focus on broad language capabilities,
ILMs prioritise metrics such as accuracy, precision, and reliability in
specific contexts.

Compliance with Regulations: ILMs are designed with these com-
pliance standards, ensuring their predictions and decisions meet legal
and ethical standards.

Integration with Industrial Workflows: ILMs are often embedded
within existing systems, such as Enterprise Resource Planning (ERP)
systems, IoT platforms, or SCADA (Supervisory Control and Data Acqui-
sition) systems. Their outputs are actionable and align with real-time
industrial processes.
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Efficiency Over Model Size: ILMs prioritise computational effi-
ciency and real-time inference over sheer size. They are often compact
enough to be deployed on edge devices or in environments with limited
computational resources.

4.3. Application technologies for IFMs

Application technologies are significant for integrating IFMs with
manufacturing systems to address industrial tasks. They mainly in-
clude prompt engineering, RAG, and agent engineering. The application
framework of IFMs for intelligent manufacturing is shown in Fig. 7.

4.3.1. Prompt engineering

Prompt engineering is a method for tailoring a IFM to perform
specific tasks by incorporating task-specific cues into the model’s in-
put [201]. This approach has risen to prominence alongside large pre-
trained models, collectively driving a significant shift in machine learn-
ing paradigms [202]. Recently, leveraging pre-trained models through
prompts to adapt them to targeted tasks has become increasingly popu-
lar. Prompt engineering involves embedding hints with inputs to enable
a pre-trained model to tackle new tasks using existing capabilities.
However, prompt engineering goes beyond merely creating prompts, it
involves diverse skills and techniques for utilising IFMs. It is crucial for
understanding, leveraging, and expanding the potential of IFMs. This
technique can enhance the safety of IFMs and extend their utility with
external tools [203]. A prompt typically consists of several components:
instructions specifying the task, context providing additional guidance,
input data outlining the query, and an output indicator defining the
desired response type or format.

Table 5 summarises the commonly used prompting techniques and
their advantages and differences. These prompt techniques include
zero-shot, few-shot, CoT prompting, self-consistency, generated knowl-
edge prompting, prompt chaining, tree of thoughts, RAG, directional
stimulus prompting, program-aided language models, ReAct, Reflexion,
multimodal CoT, and graph prompting. Given the features of different
prompting methods, some emphasise prompting with few or zero ex-
amples. In contrast, others consider including reasoning steps in the
prompt, which mimic human thinking when solving problems, espe-
cially CoT. In addition, the background and external information can
also facilitate the model’s capabilities to get the final results. Given this,
the prompt design proposes RAG and generated knowledge prompting
techniques. Compared with single or simple input information for the
prompting, multimodal input commands (e.g., image, text) are used to
prompt the model for efficient reasoning and task planning. Table 5
gives a detailed introduction to these prompting techniques in terms of
specifications, advantages, and differences, which helps choose which
prompt technique for ILMs. This can be a good guide to adopt a method
for specific cases.

Table 6 summarised representative examples of the popular LLMs
using the prompt methods, where these LLMs include ChatGPT, GPT-
4, Claude 3, LLaMA, Flan, Gemini, Code Llama, Mistral, Phi-2, Sora,
OLMo, Grok-1, and Mixtral. Here, some commonly used LLMs are listed
and discussed. Table 6 gives the unique features of these models and
the prompt techniques used in the selected models. Also, how these
prompt techniques are used in the models is presented in detail.

4.3.2. Retrieval augmented generation

Although IFMs have shown impressive performance across various
industrial tasks, they are not perfect due to limitations in the accuracy
and availability of training data. As a result, IFMs may occasion-
ally generate output that seems reasonable but is not logical or cor-
rect, named “hallucination” [207]. RAG [208] is designed to integrate
industry-specific data and knowledge bases to enhance the accuracy
and consistency of IFMs without modifying its structure [127]. The
RAG technology contains the external database, retrieval algorithm,
and generation algorithm [209].
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Table 5
Summary of the prompting techniques [201,204-206].

Differences

Technique

Descriptions

Advantages

Zero-shot prompting

Few-shot prompting

Cot prompts

Self-consistent

Generated knowledge
prompting

Prompt chaining

Tree of thoughts

Directional stimulus
prompting

Program-aided language
models (PAL)

Graph prompting

Instructs the model to perform a task
without examples, relying solely on the
task description.

Provides a few examples in the prompt
to guide the model.

Encourages generating intermediate
reasoning steps before the final answer.

Generates multiple reasoning paths and
selects the most consistent answer.

Asks the model to generate relevant
background information before solving
the task.

Breaks down complex tasks into simpler
subtasks, chaining responses
sequentially.

Explores multiple reasoning branches
before concluding.

Guides responses using specific keywords
or cues in the prompt.

Use programming logic to perform
complex computations or data
manipulation.

Uses graph structures to represent
relationships and dependencies.

Simple to use; requires minimal input
preparation.

Helps generalise better for unfamiliar
tasks; improves performance for specific
scenarios.

Improves reasoning and problem-solving;
mitigates errors in multi-step problems.

Enhances reliability and reduces
variance in outputs.

Improves performance on tasks requiring
domain-specific or contextual knowledge.

Makes complex tasks manageable;
reduces errors by tackling subtasks
individually.

Provides diverse solutions and enhances
robustness for open-ended tasks.

Offers precise control over model
outputs; ensures responses align with
specific goals.

Handles complex logic or numerical
tasks better than pure natural language
reasoning.

Ideal for tasks involving structured data,
like knowledge representation and
reasoning.

No examples are provided, purely
description-based.

Includes examples for guidance, unlike
zero-shot prompting.

Focuses on step-by-step reasoning, which
is absent in other techniques.

Aggregates multiple outputs for
consistency, unlike single-response
techniques.

Combines knowledge generation with
task solving, adding an initial step.

Divides tasks into multiple prompts
instead of handling them as one large
task.

Explores reasoning alternatives, unlike
linear chain-of-thought prompting.

Requires careful crafting of cues for
steering outputs.

Integrates computational logic, unlike
purely language-based techniques.

Employs graph-based reasoning, which is
absent in most text-based techniques.

First, external databases without specific public industrial infor-
mation and knowledge are constructed [210]. The industrial knowl-
edge base typically includes equipment manuals, engineering stan-
dards, process parameters, operation logs, production schedules, and
fault cases [211,212]. These unstructured texts (e.g., PDFs, text files)
are converted into structured formats, such as vector databases, and
stored using tools like FAISS, Weaviate, and others [213]. This process
ensures efficient retrieval and utilisation of knowledge for various
industrial applications.

Then, efficient retrieval algorithms such as BM25 and Dense Re-
trieval [214,215] fetch the most relevant information from the external
database. The retrieval approach cuts documents from an external
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database and converts them into vectors. When a user inputs a query,
the most relevant documents will be searched for from vectors based
on their similarity. They are used as contextual information and fed
into the IFMs along with the input query [216]. The latest and most
relevant domain-specific knowledge can be introduced to IFMs using
RAG and deep learning approaches to ensure they can generate precise
and reliable outputs.

Finally, the retrieved information and knowledge will be com-
bined with the original query and input into the IFMs. Besides, the
LangChain framework [217] will guide and constrain the inference
process of IFMs. As a result, the IFMs will be able to generate much
more reliable outputs consistent with logic. For instance, operators can
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Model Special features Prompt techniques Details on usage
ChatGPT General-purpose, Zero-shot, Few-shot, Zero-shot: ChatGPT directly follows instructions in natural language. Relies on
conversational Al Chain-of-Thought pre-training data for accurate answers without prior examples. Few-shot: Uses
in-context examples to adjust its predictions for specific tasks (e.g.,
classification). CoT: Generates step-by-step explanations or reasoning paths,
helpful for tasks like math or logic.
GPT-4 Advanced reasoning, Advanced reasoning, Advanced reasoning: Handles complex queries requiring multi-step logical
multilingual capabilities Multilingual prompting deductions by interpreting the relationships between concepts. Multilingual
prompting: Process prompts in various languages, retaining high fidelity in
language translation and generation tasks.

Claude 3 Long context handling Long document - Long document summarisation: Leverages its extensive context window to

(200K tokens) summarisation, summarise lengthy texts without losing critical information. Enhanced recall:
Enhanced recall Retains high accuracy for large prompts, ensuring no loss of details or
context. This makes it ideal for document analysis or academic reviews.

LLaMA Adaptable to Instruction following Instruction: Models in the LLaMA family are fine-tuned to align with

fine-tuning task-specific instructions, adapting to domain-specific tasks efficiently.

Flan Fine-tuned for task Task decomposition, Task decomposition: Automatically breaks complex instructions into smaller

generalisation Multitasking tasks for sequential execution. Multitasking: Capable of simultaneously
executing multiple interrelated tasks, such as generating and analysing text.

Gemini Handles complex and Advanced task chaining Advanced task chaining: Can manage multiple stages of tasks in a single

multitask prompts prompt by retaining focus on task dependencies, ensuring coherent outputs
for complex workflows.

Code Llama Specialised for code Code-specific prompts Code-specific prompts: Optimised for programming tasks, it can handle

generation prompts tailored for generating, debugging, or optimising code in various
languages. Understands programming context and syntax.

Mistral High-performance text Creative writing Creative writing prompts: Uses its high-quality text generation capabilities to

generation prompts produce imaginative, fluent, and stylistically consistent outputs for storytelling
or ideation tasks.

Phi-2 Excels in mathematical Step-by-step Step-by-step problem-solving: Processes math queries by explaining

reasoning problem-solving intermediate steps, reducing errors in tasks requiring precision and logical
progression.

Sora Proficient in translation Multilingual translation Multilingual translation: Designed to translate between languages efficiently
by utilising large multilingual datasets, preserving nuances and tone in the
translated text.

OLMo Open-ended content Open-ended prompts Open-ended prompts: Ideal for creative or exploratory tasks with no fixed

generation answers, allowing for diverse outputs such as essays, opinion pieces, or
brainstorming ideas.

Grok-1 Knowledge retrieval Fact-based Fact-based question-answering: Retrieves factual information accurately by

question-answering synthesising relevant data from training knowledge or external sources.

Mixtral Multimodal integration Multimodal task Multimodal task execution: Processes text-based prompts and other data

execution

modalities like images, enhancing its ability to deliver integrated solutions
across data formats.

follow a simplified workflow in equipment maintenance scenarios to
identify the causes of equipment failures [218]. When a production
issue arises, RAG can assist IFMs in searching for troubleshooting guides
and manuals to identify potential causes.

4.3.3. Agent engineering

IFMs are capable of analysing and optimising manufacturing pro-
cesses. However, their full potential for industrial tasks can only be
realised when integrated with manufacturing systems [219]. There-
fore, integrating IFMs with intelligent manufacturing systems is cru-
cial to solving complex industrial tasks effectively [220]. Agent en-
gineering can be utilised to develop the human-agent-cyber—physical
system (HACPS) with capabilities in perception, reasoning, decision-
making, and optimisation [221] to achieve higher levels of intelligent
manufacturing.

Agents can autonomously perform tasks based on their perception of
the environment and defined goals [222]. The agent mediates between
different subsystems in the manufacturing system, enabling distributed
decision-making and control [223]. It allows the manufacturing system
to understand human instructions, dynamically plan complex tasks,
invoke different IFMs to execute tasks, and continuously learn to im-
prove performance [224]. The Agent comprises four key components:
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perception, memory, planning, and action. Table 7 summarises some
key technologies for these four modules.

The perception module utilises auxiliary tools such as API calls
and plugin extensions to perceive the environment and execute de-
cisions [225]. For example, ChatGPT can be utilised to understand
human instructions, and ChatPDF can be used to parse documents and
to realise text-to-image generation.

The planning module is responsible for the thinking and decision-
making of the Agent [226]. It is able to decompose complex tasks into
executable subtasks and evaluate execution strategies [227]. The ReAct
and CoT [228] technologies can be utilised to help Agents decompose
industrial tasks as several subtasks and solve them step by step.

Memory module [229] refers to the storage and recall of infor-
mation, which encompasses both short-term and long-term memory.
Short-term memory is used to store conversational context for multi-
turn interactions. Long-term memory is used to store industrial details,
characteristics, and more. The memory information is stored in vector
formats for fast retrieval. The memory and planning modules are al-
ways deployed in the cloud platform to perform complex computations
and inferences [230].

Action module [231] can carry out specific actions based on de-
cisions and interact directly with the manufacturing system. It can
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Table 7
Summary of agent engineering of LLMs.
Module Technologies Details

Natural language perception

Perception module

Visual perception

Audio and Video perception

Environmental and Contextual perception

Multimodal perception

Task decomposition approach
Planning module

Multi-plan selection

The external planner

RAG-based
Memory module asec memory

They focus on processing and understanding pure text data, with capabilities such as text
comprehension, generative writing, and text translation. They are commonly used in tasks like
intelligent dialogue systems, document translation, and document generation.

These models are designed to handle visual data, offering image classification and scene segmentation
capabilities. They are widely applied in image retrieval, visual question answering, and multimodal
generation tasks.

They process temporal features in audio and video data, enabling functions such as speech-to-text
conversion and speech and video recognition. Common applications include virtual assistants, subtitle
generation, conference transcription, and video classification.

They handle contextual information from sensors and the environment, supporting structured and
unstructured data processing. They can process diverse input modalities (text, images, videos, and
sensor data) and are frequently applied in tasks such as autonomous navigation, robotic perception,
3D data understanding, and augmented reality.

They integrate multiple input modalities, such as text, images, audio, and video, allowing for
multimodal content generation and cross-domain understanding of complex tasks. They are often used
in tasks like image-text question answering and multimodal dialogues.

Task decomposition approach breaks down a task into several simpler subtasks and creates a
step-by-step plan to execute them. HuggingGPT [233] utilises various multimodal models from
HuggingFace to build intelligent agents, decomposes tasks provided by humans, selects appropriate
models as dependencies between subtasks, and generates the final response. Chain-of-Thought [234]
leverages prior knowledge to construct reasoning trajectories, guiding the LLMs to tackle complex
problems by utilising its reasoning capabilities for task decomposition. ReAct [235] decouples
reasoning and planning, alternates between decomposing and planning

It combines multi-plan generation and optimal plan selection to facilitate task planning. The
self-consistency method [236] generates several distinct reasoning paths using a sampling strategy
during the decoding process. The optimal plan is determined using a simple majority voting strategy,
where the plan with the most votes is selected. The Tree of Thoughts [237] introduces two strategies
for generating plans: sampling and proposing. There are responsible sampling plans during decoding.
The proposed strategy explicitly instructs the LLMs to generate diverse plans.

Its approach combines LLMs with external specialised planners for task planning, including symbolic
and neural planners. Symbolic Planners integrate LLMs with symbolic reasoning to identify the
optimal path to reach the target state [238]. Neural planners are deep models trained on collected
planning data using reinforcement learning or imitation learning [239]. These models exhibit effective
planning capabilities within specific domains.

RAG technology stores memory in storage media and retrieves memories based on their relevance to
the current context. Historical memories are stored in the form of tables, text formats, and encoded
vectors. REMEMBER stores historical memories in the form of Q-value tables [240], where each record
is represented as a tuple (environment, task, action, Q-value). MemoryBank [241] and RecMind [242]
use text encoding models to encode each memory into a vector and establish an indexing structure.
Generative Agents [243] store the daily experiences in text formats. During retrieval, the description

of the current state is used as a query to retrieve relevant memories from the memory pool.

Embodied memory

Embodied memory leverages real-world data to fine-tune IFMs, embedding memory into model

parameters as a form of long-term memory [244]. This data typically includes interaction records
between agents and the environment (historical data of successes and failures), domain-specific
common-sense knowledge, and task-related prior knowledge. Memory embedding is achieved using
model fine-tuning methods that train only a small subset of parameters, such as Low-Rank Adaptation
(LoRA), QLoRA, and P-tuning [245].

Action module Integrated with the system

The agent module executes actions by interfacing with internal capabilities and manufacturing

systems. It can produce text, images, or other outputs directly from the LLMs. In addition, it also
invokes APIs, databases, or external software for task execution. To achieve physical control, it is
integrated with hardware, controlling physical systems or robots.

achieve efficient interaction and real-time control of devices, software,
and platforms within the intelligent manufacturing system through
communication protocols such as Socket and Modbus. The action mod-
ule is often deployed on edge computing devices that can interact
directly with local equipment to improve real-time performance [232].

The IFMs agent, as well as human and intelligent manufactur-
ing systems, constitute the HACPS. Humans include roles such as
operators, managers, and after-sales services. Humans can set decision-
making goals based on specific task requirements during the interaction
between humans and agents. Agents will actively decompose tasks,
plan task workflows, optimise objectives, and design various solu-
tions [246]. Humans can also provide reward-punishment feedback
mechanisms to Agents, enabling them to optimise their strategies iter-
atively [247]. Agent leverages their perception capabilities to perceive
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and analyse industrial environments and further utilise their optimisa-
tion and decision-making abilities to design and generate corresponding
instructions or outputs. Finally, the agent will interact with the manu-
facturing system to execute specific tasks, such as defect detection and
safety monitoring [248].

5. Industrial applications of IFMs

With six core capabilities—including question answering, scene cog-
nition, scientific discovery, process decision-making, terminal control,
and content generation, IFMs can be applied throughout the entire
manufacturing lifecycle, which includes research and design, manufac-
turing, optimisation and management, as well as maintenance [49].
The core functions and typical application scenarios of IFMs in the
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manufacturing life cycle are illustrated in Fig. 8. Some existing research
on IFMs applications in different industrial tasks is also discussed to
highlight their significant impact on intelligent manufacturing.

5.1. Research & design

IFMs are applied in product research & design to support advanced
simulations and rapid prototyping. Product research & design heav-
ily rely on human experience, intuition, and skill. However, human
expression is always ambiguous. This can lead to misunderstandings
and communication barriers during discussions of design concepts.
IFMs not only possess the capability to understand the natural lan-
guage but can also infer the underlying beliefs, emotions, desires,
intentions and psychological states behind the language [249,250]. The
IFMs collaborative design mechanism may become the core technology
of human-centred intelligent manufacturing in the stage of Industry
5.0 [251,252].

Xu [104] proposed an IFMs-augmented multimodal collaborative
design (IFMs-MCD) framework. It consists of three stages: machine-
to-machine (M2M) collaboration, human-to-machine (H2M) collabo-
ration, and human-to-human (H2H) collaboration. In the M2M col-
laboration stage, IFMs create a multi-agent iterative mechanism. This
mechanism integrates key information from stakeholders, including
consumers, merchants, designers, and engineers. It converts design
discussions into design semantics during the iteration process. Next, it
generates and evaluates design proposals based on these semantics. It
effectively evaluates various aspects of the conceptual product, such
as functionality, appearance, materials, structure, and pricing, while
summarising and unifying semantic relationships. Finally, it utilises
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specific modules of IFMs to perform quantitative evaluation, ensuring
a comprehensive design assessment.

In the H2M collaboration stage, generative Al tools and mixed real-
ity (MR) technologies enable participants to engage in a more intuitive
and immersive design environment. This stage consists of two steps:
prototype development review and prototype testing review. First,
participants evaluate and optimise the 2D and 3D design proposals
generated by IFMs to enhance their usability. Next, the designs are ma-
terialised and projected onto the physical models as 3D visualisations
via MR, allowing for a final review of appearance and functionality.

The H2H collaboration stage encompasses the entire collaborative
design process, with all stakeholders actively participating in discus-
sions. These discussions focus on product goals, requirements, quality
control, testing, and feedback. Throughout the iteration, evaluation,
and revision of design proposals, all stakeholders play a vital role in
ensuring that the outcomes align with collective expectations.

The applications of IFMs in product design can effectively address
the inherent complexities and communication challenges in collabora-
tive design. It enhances the efficiency of human-machine interactions
while reducing costs. It can provide users with a more innovative,
real-time, and highly realistic collaborative platform, thus significantly
improving design efficiency and lowering costs.

5.2. Human-robot collaboration

The rapid development of IFMs has propelled HRC to a new phase
[253]. They are able to achieve smoother and more efficient HRC [254,
255] by understanding complex natural language and inferring human
intentions.
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Wang [256] proposed a navigation method for collaborative robots
(cobots) that integrates LLMs and LVMs for visual and language-driven
collaboration. The LLMs and LVMs are used to achieve 3D scene
reconstruction and annotation at first. Workstation operators can utilise
natural language commands to instruct the cobot to navigate to any
location and scan the environment to generate 3D point cloud models.
These 3D models are stored in PLY format and subsequently annotated
to extract scene semantics and labelled scene information.

Then, LLMs are utilised to interpret natural language commands
and translate them into executable code. Using a fine-tuning approach,
the IFM is trained to learn contextual information and convert natural
language commands into executable Python code to guide cobot navi-
gation. The IFM is always optimised by learning multiple user-provided
navigation tasks, enabling iterative code updates and refinements.

Finally, the fine-tuned IFM is utilised to generate a navigation grid
by incorporating the pathfinder path planning algorithm. Direction
vectors between adjacent path points are calculated and converted
into quaternions to guide the robot’s movements. This process is itera-
tively repeated to control the direction of cobots, execute the required
operations, and achieve the necessary targets.

With the help of IFM, the system can successfully identify targets
from language instructions and plan paths for the cobot to reach
designated locations. Even in complex scenarios where instructions
include multiple sub-goals and distractors, it can also accurately parse
instructions, generate corresponding code, and guide the cobot to com-
plete all sub-goals in the correct order. This demonstrates that IFMs can
enable cobots to execute navigation tasks effectively in HRC scenarios.

In addition, the applications of the IFMs on intelligent process
planning and smart assembly have been actively explored, given their
common-sense knowledge and reasoning capabilities derived from
foundation models [37,257,258]. As an example, an adaptive process
management approach leveraging LLMs was introduced to support
precise manufacturing process planning. It utilises LLMs to convert
user-provided instructions into structured task sequences, thereby im-
proving the agility and adaptability of production systems. Starting
from informal user input, the system performs a formal refinement
step, followed by the generation of detailed procedural steps. These
components are then composed into a coherent workflow. Finally,
state machines are employed to verify both the logical consistency and
operational safety of the resulting processes [257,259]. In industrial
robotics scenarios such as automated assembly or disassembly, certain
operations (e.g., insertion) require heightened precision and involve
complex dynamics, including forceful contact, friction response, and
delicate actuation [260,261]. Designing a universal policy to handle
such tasks remains difficult, especially when precision demands inte-
gration of rich sensory feedback like force or torque signals [262].
To address this, an LLM-driven global policy was proposed to dynam-
ically delegate control to a predefined set of specialised skills, each
trained to execute fine-grained, high-accuracy tasks through contextual
switching [263].

5.3. Operations & management

IFMs can leverage their ability to optimise the scheduling of pro-
duction plans. As manufacturing evolves towards multi-type and small-
batch production, flexible production plays a vital role in the man-
ufacturing system [264]. With strong decision-making abilities, IFMs
can effectively improve the scheduling efficiency of manufacturing
systems [265].

Huang [63] innovatively combines LLMs with evolutionary algo-
rithms (such as genetic algorithms) to develop an automatic program-
ming method called Population Self-Evolution (SeEvo), which is capa-
ble of generating adaptive scheduling rules and production planning.
The method consists of an LLM and the SeEvo framework, which can
deeply understand tasks, machines, and scheduling constraints, so as
to automatically generate and optimise scheduling strategies based on
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real-time dynamic environmental changes. In this framework, LLMs are
used to automatically generate scheduling rules by comprehensively
understanding tasks, machines, and scheduling constraints. The SeEvo
framework adopts a “self-evolution” strategy to continuously evolve
through the simulation of multiple individuals within a population to
optimise scheduling strategies. By combining the powerful code gener-
ation capabilities of LLMs with the evolutionary mechanism of SeEvo,
the method generates flexible and efficient scheduling algorithms. The
experimental results demonstrate that SeEvo outperforms traditional
approaches such as genetic programming (GP), gene expression pro-
gramming (GEP), and deep reinforcement learning (DRL) methods in
unseen and dynamic scenarios, making it a promising approach for real-
world manufacturing environments. The experimental results on DMU
dataset are shown in Table 8.

In Table 8, the SeEvo(GLM3) and SeEvo(GPT3.5) are developed
based on the GLM3 and GPT3.5. The UB is the best-known solution
for the dataset. The comparative experimental results on DMU Datasets
show that the SeEvo method achieves better scheduling results com-
pared to other methods, which proves the effectiveness of LLMS in
scheduling optimisation.

5.4. Quality control

IFMs can also be adopted in industrial vision tasks to ensure product
quality [266]. Although IFMs perform well in general recognition tasks,
they often lack sufficient knowledge in specialised industrial scenarios,
particularly in adapting to specific industrial images and understanding
domain-specific terminology [267].

To tackle the issues above, Wang proposes a two-stage adapta-
tion strategy for industrial vision tasks named DefectGLM [268]. The
strategy comprises three key components: a visual encoder, a query
transformer, and a language encoder. The visual encoder is responsible
for processing visual information. The query transformer bridges the
gap between multimodal information. The language encoder manages
and generates language-based outputs.

In the first adaptation stage, LoRA is employed to enable DefectGLM
to adapt to specific industrial image patterns, thereby enhancing its
image recognition capabilities. To minimise training costs and prevent
catastrophic forgetting, all pre-trained parameters of the visual encoder
and language decoder are frozen, with only the LoRA parameters
updated. This approach allows DefectGLM to rapidly adapt to new task
requirements while preserving its pre-trained knowledge. Additionally,
contrastive representation learning is utilised to achieve self-supervised
adaptation in the pre-trained visual encoder, enabling it to capture
transferable representations of defect patterns more effectively.

In the second adaptation stage, DefectGLM employs a vision-
language instruction fine-tuning method to align the model with
domain-specific knowledge. A generated image-text dataset is used as
supervisory signals to train the model to provide accurate diagnostic
answers based on industrial image inputs and instructional prompts.
During this process, the visual encoder extracts features from defect
patterns, the query transformer maps these features into the language
embedding space, and the language decoder generates natural language
responses.

The DefectGLM is evaluated on a large-scale multimodal wafer
defect dataset with 36 types of defects covering single defect patterns
and mixed-type defect patterns. Experimental results demonstrate that
DefectGLM achieves outstanding performance in wafer defect recog-
nition, with an accuracy exceeding 99%, significantly outperforming
classical visual methods such as VGG16 [269], ResNet [270], and
DenseNet [271]. The visual question answering (VQA) results of De-
fectGLM in the wafer defect dataset are shown in Fig. 9. It can be
observed that DefectGLM can follow different prompt instructions and
produce clear and concise responses, which enables more efficient
human-machine interaction between the operator and the system.
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Table 8
Experiment results on DMU benchmark [63].
Cases Size Random DRL GP GEP SeEvo(GLM3) SeEvo(GPT3.5) UB
DMUO3 20 x 15 3827 3303 3540 3651 3462 3238 2731
DMUO8 20 x 20 4228 4098 3802 4023 3728 3728 3188
DMU13 30 x 15 5451 4708 4765 4812 4658 4709 3681
DMU18 30 x 20 5326 4800 4696 4917 4724 4724 3844
DMU23 40 x 15 5948 5240 5391 5595 5151 5258 4668
DMU28 40 x 20 6737 5948 6017 6142 5838 5944 4692
DMU33 50 x 15 6890 6458 6109 6081 6029 6029 5728
DMU38 50 x 20 7685 7275 7267 7501 7168 7170 5713
Queried Wafer Image Queried Wafer Image Queried Wafer Image
Prompt: #what is the defect Prompt: #what type of defect Prompt: #Can you identify any
in this wafer map? is present in this wafer map? anomalies in this wafer image?

[Response]: 'Center’ defect. The [Response]: ' Dount + Edge_Loc' [Response]:'Center+Edge_Ring+

defective dies are concentrated in| [gefect. The defective dies are | |Scratch’ defect. This defect exhibits

the center of this wafer map, which| |to5rmed a fing structure and are a mixed patte_rn, with defective dies

may be caused by abnormall |gistributed in a regional pattern on concentrated in both the center and

center temperature during implant| |ihe edge of the wafer map. around the circle of the wafer map,

operation. as well as in a long narrow area.

Fig. 9. Detection examples of the DefectGLM.
6. Key challenges of IFMs
Responses
MiniGPT4 7B 6.1. Challenges in data-level
Answer: Based on the information provided the
defect type in the given wafer map is likely to be . .
Queried Wafer Edge_Ring. Edge_Ring defects are characterized (1) Low Quality Industrial Data

by defective dies that are distributed around the

Image circle of the wafer map.

LLaVA V1.5 13B
Answer: Based on the image, the wafer map
shows a combination of defect patterns. There is
a central defect, with a black spot in the middle of
the map, and an edge defect.

DefectGLM 7B
Answer: 'Center’ defect. The defective dies are
concentrated in the center of this wafer map
which may be caused by abnormal center
temperature during implant operation.

Fig. 10. Comparative experiments with other LLMs.

In addition, DefectGLM is also compared with GPT-4 [74] and
LLaVA [272]. Their answers are evaluated in terms of diagnostic cor-
rectness and pattern understanding on a wafer with a centre defect,
results are shown in Fig. 10. It can be seen that GPT-4 provides incor-
rect diagnoses of wafer defect patterns. The LLaVA correctly identifies
the central black spot in the wafer map but mistakenly identifies edge
defects that do not exist. In contrast, DefectGLM provides accurate
diagnoses and pattern descriptions, while also providing the causes of
the defect. This demonstrates that the proposed two-stage fine-tuning
strategy can effectively improve the performance of LLMs by learning

from specific industrial scenarios.
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Industrial data collected during production processes primarily con-
sists of equipment status and periodic production data, most of which is
repetitive with limited critical information. This leads to industrial data
exhibiting low-quality and low-density characteristics, significantly di-
minishing its value for model training and applications. To tackle
these challenges, domain-knowledge-enhanced (operating rules, pro-
cess parameters) data cleaning, analysis, and integration methodologies
should be developed to effectively extract critical features from indus-
trial data. Additionally, dynamic data modelling approaches should be
designed to adaptively adjust data processing strategies in real-time to
changing operational conditions.

(2) Heterogeneous Industrial Data

Industrial production is a complex process involving several stages,
with factors such as data sources, data collection methods, and varying
timestamps leading to heterogeneous data structures. This heterogene-
ity poses significant challenges for the effective management and utili-
sation of industrial data, particularly for the training and application of
IFMs. To overcome this problem, core manufacturing architectures that
consist of multimodal data processing, cross-temporal data alignment,
and data fusion approaches should be developed to enable efficient
management and processing of heterogeneous industrial data.

(3) Industrial Data Privacy

Industrial data always involves proprietary process parameters and
trade secrets of enterprises. The leakage of such key information may
directly impact the competitiveness of enterprises. Unlike personal
data, industrial data is generally difficult to anonymise as specific pro-
duction processes or parameters can often be easily reverse-engineered.
Some approaches should be designed to ensure the privacy of industrial
data. For instance, federated learning can be used to train models
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locally and then securely aggregate parameters without sharing raw
data. Differential privacy algorithms can also be studied to introduce
noise to training data, thus preventing reverse-engineering of original
data from model parameters.

6.2. Challenges in model-level

(1) Trustworthy IFMs

The industrial production environment typically involves complex
processes, high-precision operation controls, and strict safety standards.
Decision errors can directly result in accidents and significant eco-
nomic losses. However, IFMs may occasionally generate results that
are inconsistent with real-world conditions, which severely limits the
applications of IFMs in industrial scenarios. This problem may stem
from the noise in the training data, the bias of input samples, or the
overfitting caused by the model complexity. Therefore, XAI approaches,
including causal inference, Grad-CAM, and neural-symbolic networks,
should be studied to ensure that IFMs can deliver reliable performance
across diverse industrial environments.

(2) Real-time Performance

Industrial production requires exceptionally high real-time respon-
siveness, with some scenarios demanding responses within milliseconds
or even microseconds. Due to constraints in computational resources
and real-time capabilities, the size and complexity of IFMs must be
maintained within a reasonable range. To enable real-time inference,
IFMs must deliver exceptional performance while minimising compu-
tational complexity and memory usage. Model lightweight techniques
such as pruning, quantisation, and knowledge distillation can be ex-
plored to reduce the computational requirements while maintaining
model performance.

(3) Integration with Knowledge

Industrial tasks require IFMs to possess a deep understanding of
domain-specific knowledge. While IFMs demonstrate powerful general-
isation capabilities, they often struggle to fully capture the unique char-
acteristics of specific domains [273]. This limitation primarily stems
from a lack of specialised industrial knowledge during the training
and inference, which strictly restricts their performance on specialised
tasks. To address this challenge, knowledge graphs and graph neural
networks can be used to achieve the domain knowledge embedding
of IFMs and enable them to deliver precise solutions that meet the
complex and diverse demands of industrial tasks.

6.3. Challenges in application-level

(DIntegration with Manufacturing System

Different industrial domains exhibit varied business logic, produc-
tion processes, and standards. For instance, the automotive manufac-
turing, electronics, and chemical production industries have unique
production requirements, leading to highly customised configurations
of manufacturing execution systems (MES) or enterprise resource plan-
ning (ERP) systems. The integration methods between IFMs and manu-
facturing systems need to be explored to ensure that they can meet the
unique characteristics and requirements of various industrial sectors
while maintaining the efficiency of data management and industrial
production.

(2) Maintenance Cost

Maintaining and updating IFMs is an ongoing endeavour that may
require substantial cost. As industrial environments and data continu-
ously evolve, regular retraining and fine-tuning are required to sustain
model performance. Therefore, a comprehensive model management
system and real-time monitoring mechanisms must be established to dy-
namically update IFMs, thereby ensuring their stability and reliability
in practical applications. Besides, it is also necessary to design intelli-
gent model updating methods (e.g., incremental learning approaches)
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to reduce maintenance costs and training time, making them suitable
for dynamic industrial environments.

(3) Deployment Cost

The deployment of IFMs is also a significant challenge. In industrial
applications, IFMs often need to be deployed locally to ensure data
security, especially in scenarios involving sensitive information, such as
core parameters in manufacturing processes and patient privacy data in
healthcare. However, the development, training, and updating of large
models typically require substantial computational resources, including
high-performance servers, storage devices, and network infrastructure,
which are usually managed in the cloud. Therefore, it is essential to
explore collaboration mechanisms between edge and cloud computing
to allocate computational resources effectively, ensuring the secure
deployment and update of large models while maintaining real-time
performance and scalability.

7. Conclusions and future directions

The emergence of IFMs marks a transformative shift in intelligent
manufacturing. This paper systematically analyses the development of
IFMs from the data level, model level, and application level, high-
lighting their potential to revolutionise manufacturing. By integrating
multimodal industrial data, domain-specific knowledge, and artificial
intelligence technologies, IFMs demonstrate profound capabilities in
scene understanding, content generation, and decision-making. IFMs
have also been successfully implemented in various industries, includ-
ing robotics, steel production, energy, and construction, showcasing
their scalability and adaptability in industrial scenarios. IFMs also
face significant challenges regarding multimodal data, model trustwor-
thiness, and integration with manufacturing systems [274]. Address-
ing these challenges requires coordinated efforts from academia and
industry to refine technologies and promote their applications.

In terms of future work, several key directions can be pursued to
advance IFMs further:

« Cross-domain knowledge integration: The future of IFMs lies in
their ability to seamlessly incorporate cross-domain knowledge, such
as combining manufacturing data with supply chain, laws, or market
analytics. This integration could further optimise production processes
and decision-making.

« Improving model robustness and explainability: While IFMs
demonstrate strong performance, their black-box nature still restricts
their application in industrial scenarios. Improving the transparency
of its decision-making process will help ensure wider acceptance of
IFMs in safety—critical applications. Technologies such as XAI should
be explored to make it more trustworthy.

« Collaboration between small and large models: Future research
should explore the collaboration mechanism between small models and
large models. Small models deployed on edge devices can handle time-
sensitive tasks with fast inference. In contrast, large models in the
cloud can focus on more computationally intensive processes, such as
deep analysis and process optimisation. This hierarchical collaboration
will ensure real-time performance while maintaining accuracy and
scalability.

« Advancing human-agent collaboration: Integrating IFMs with intel-
ligent manufacturing systems should be expanded to enable smoother
and more efficient human-agent collaboration. Agent engineering and
advanced manufacturing systems can ensure iterative learning and
continuous improvement.

« Ethics and sustainability: Future research must address the ethical
and environmental considerations of IFMs. This includes ensuring data
privacy, reducing computational energy consumption, and aligning
IFMs with sustainable manufacturing practices.

Addressing these areas will enable IFMs to overcome current limita-
tions and unlock unprecedented opportunities for innovation in intelli-
gent manufacturing. As industries transition towards Industry 5.0, IFMs
are poised to become integral to realising human-centred, sustainable,
and efficient manufacturing systems.
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