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With the emergence of general foundational models, such as Chat Generative Pre-trained Transformer 
(ChatGPT), researchers have shown considerable interest in the potential applications of foundation mod-
els in the process industry. This paper provides a comprehensive overview of the challenges and oppor-
tunities presented by the use of foundation models in the process industry, including the frameworks, 
core applications, and future prospects. First, this paper proposes a framework for foundation models 
for the process industry. Second, it summarizes the key capabilities of industrial foundation models 
and their practical applications. Finally, it highlights future research directions and identifies unresolved 
open issues related to the use of foundation models in the process industry. 

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license 

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Challenges 

The process industry is an important part of modern industrial 
systems [1]; it encompasses petrochemical, chemical, iron and 
steel, and non-ferrous metallurgy processing [2] and mainly 
involves continuous or mass-production manufacturing processes. 
It plays an important role in natural resource utilization, global 
environment protection, and human health. Smart manufacturing, 
which incorporates big data and artificial intelligence (AI) tech-
nologies, is a key strategy for enhancing the core competitiveness 
of the process industry [3]. It serves as a critical initiative for coun-
tries aiming to improve their production efficiency and resource 
utilization and is a vital pathway toward Industry 5.0. 

In recent years, a new generation of AI technologies and founda-
tion models (e.g., generative pre-trained transformer (GPT) [4]) 
have made impressive progress with multimodal data, including 
text [5], image [6], and video [7], owing to their exceptional gener-
ative and interactive capabilities. Foundational models have shown 
significant applicability and potential in domains such as law [8], 
healthcare [9], and education [10]. In the industrial domain, simple 
applications of foundation models have occurred in discrete man-
ufacturing industries; for example, Siemens utilizes foundation 
models to generate programmable logic controller (PLC) codes 
[11], and companies such as OpenAI have developed foundation-
model-enabled manufacturing robots [12]. These are regarded as 
milestone technologies on the path toward achieving artificial gen-
eral intelligence (AGI). The academic and industrial communities 
are looking forward to the development of industrial foundation 
models for the process industry [13,14]. However, the complexity 
of the process manufacturing industry and technical problems 
with generalized foundation models make it challenging to 
develop foundation models for this context. 

1.1. Challenges in the process industry 

The process industry involves highly complex mechanisms, 
reaction dynamics with high uncertainty, and massive multi-
process manufacturing. Moreover, it is continuous and uninter-
ruptible. All these characteristics create difficulty in modeling 
and regulation, possibly delaying progress in research and develop-
ment (R&D) and optimization. The main challenges are listed 
below.
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(1) Difficulty in accurately modeling underlying mecha-
nisms: Manufacturing processes in the process industry usually 
involve complex physical and chemical mechanisms such as ther-
modynamics, chemical reaction kinetics, and fluid mechanics 
mechanisms. These reactions often exhibit a high degree of nonlin-
earity and interdependence, making it difficult to accurately cap-
ture the interactions among various process parameters using 
simple mathematical models or empirical formulas. Consequently, 
existing models struggle to comprehensively represent the com-
plex relationships among the reactions occurring within the man-
ufacturing process and to achieve accurate mechanistic modeling. 

(2) Difficulty in precise process control: There are various 
types of uncertainty. For instance, within the production processes 
of the non-ferrous metallurgy industry, even minor fluctuations in 
reaction conditions such as temperature, pressure, concentration, 
or component ratios can significantly impact the quality of the final 
product. Furthermore, the process industry is characterized by its 
dynamic nature, with frequent changes being made in raw materi-
als and reaction conditions while continuous and uninterrupted 
operations are maintained. As the reaction processes dynamically 
evolve, there is a critical need for models to facilitate real-time 
and precise control. Overall, the uncertainties, dynamics, and con-
tinuity inherent in these processes render intelligent and autono-
mous precise control of the manufacturing process challenging. 

(3) Difficulty achieving large-scale collaborative optimiza-
tion of the whole process: The process industry has many produc-
tion links, and there is often a complex correlation between each 
link. Parameters and reaction processes across different operations 
mutually influence one another, such that any variation in a single 
stage can instigate a chain reaction affecting other stages. Achiev-
ing collaborative optimization across the entire process requires 
simultaneous consideration of the interdependencies among mul-
tiple processing stages, as well as the maximization of overall pro-
duction efficiency, which present difficulties to collaborative 
optimization. 

(4) Low efficiency in the development of new materials and 
processes: The R&D of new materials or processes typically neces-
sitates extensive experimentation to validate feasibility and per-
formance. For example, when developing novel battery materials, 
it is common to synthesize hundreds or even thousands of candi-
date materials, followed by the experimental testing of each mate-
rial’s electrochemical properties. This not only requires human and 
material resources but also involves a complex process of experi-
mental design, data analysis, and result validation, resulting in a 
lengthy and costly R&D cycle for new materials and processes. 

1.2. Limitations of current foundation models in the process industry 

The inherent technical deficiencies of current foundation mod-
els pose significant challenges to their application within the pro-
cess industry. 

(1) Difficulty in large-scale generalization: Foundation models 
for the process industry must be able to handle data from different 
processes, equipment, and production conditions, involving appli-
cation scenarios in multiple industries. Each industry has its own 
distinct production flow and process characteristics. When pre-
sented with new production conditions or different industry appli-
cation scenarios, foundation models lack the ability to generalize 
industrial physicochemical knowledge, which makes it difficult 
for such models to adapt to the complex and changing manufactur-
ing scenarios in the process industry. 

(2) Difficulties in trustworthiness, reliability, and inter-
pretability: The application of foundation models in the process 
industry necessitates exceptionally high standards of trustworthi-
ness, reliability, and interpretability. Since the production process 
of the process industry often involves complex physicochemical 
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reactions, if a foundation model makes incorrect predictions or 
decisions, serious production accidents or product-quality prob-
lems could ensue. A foundation model is built on an underlying 
architecture with probabilistic outputs, which makes it difficult 
to ensure the model’s trustworthiness and explain the basis of its 
decisions. 

(3) Catastrophic forgetting: Applications in the process indus-
try often encounter new operating conditions and innovative pro-
cesses, so foundational models must be able to support continual 
learning. However, existing foundational models often undergo a 
phenomenon known as ‘‘catastrophic forgetting” during the acqui-
sition of new knowledge, in which they lose previously learned 
information when assimilating new insights. This challenge ham-
pers their long-term effectiveness in supporting production 
processes. 

Based on an analysis of the challenges listed above, current gen-
eral foundation models are inadequate for addressing the complex-
ities associated with modeling, control, and optimization in the 
process industry. Therefore, industrial foundation models cannot 
be regarded as a simple application of general foundation models; 
rather, they require in-depth research on new basic theories and 
key technologies. This paper proposes a framework for foundation 
models in the process industry, referred to as ProcessFM, which 
encompasses the resource level, base level, model level, and 
application level. In addition, this paper identifies six core capabil-
ities of a process industry foundation model, including the capabil-
ity for mechanism cognition, knowledge question-and-answering 
(Q&A), simulation and generation, process control, optimization 
and decision-making, and scientific discovery. Based on these six 
core application capabilities, typical application scenarios for 
process industry manufacturing are explored. Finally, this paper 
highlights future research directions and unresolved challenges 
associated with the process industrial foundation model, with 
the aim of facilitating the intelligent development of the process 
industry. 
2. A framework for foundation models for the process industry 

This paper proposes a framework, termed ProcessFM, for foun-
dation models for the process industry. ProcessFM consists of four 
major levels: the resource level, base level, adaptation level, and 
application level, as shown in Fig. 1.

2.1. Resource level 

The resource level serves as the foundational support for the 
process industry foundation model. It contains three core ele-
ments: process industry data, the mechanisms and knowledge 
resources of the process industry, and computational resources. 

(1) Process industry data: The process industry has a variety of 
data types, including sensor signals (e.g., temperature, pressure, 
and flow rate) [15], images [16], machine instructions, industrial 
documents (e.g., process documents, operation instructions, and 
chemical composition instructions), and computer-aided engineer-
ing (CAE) files [17]. Data resources are the basis for the training of 
the foundation model. Moreover, industrial data-generation meth-
ods [18] can be employed to enhance the diversity of data 
resources and address issues of data scarcity. 

(2) Mechanisms and knowledge resources: The process indus-
try often involves complex chemical reactions and physical 
changes, so the models need to be embedded with relevant mech-
anisms and knowledge. Such mechanisms encompass various 
physical and chemical mechanisms, including chemical reaction 
equations, thermodynamic mechanisms, and process mechanisms, 
while the knowledge includes all kinds of industrial knowledge,
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Fig. 1. A framework for foundation models for the process industry. CAX refers to computer-aided technologies like computer-aided design (CAD), computer-aided 
engineering (CAE), and so on; FAQ stands for frequently asked questions; CPSS: cyber–physical–social systems.
such as process documents, process specifications, and material 
properties. 

(3) Computational resources: Production processes in the pro-
cess industry are continuous and uninterruptible. Therefore, there 
are stringent requirements for computational resources and real-
time inference capabilities. Computational resources are mainly 
divided into cloud and edge computing, where the former is used 
for large-scale model training and data processing and the latter 
is used for real-time reasoning and control applications. 

2.2. Base level 

The base level provides the core support for constructing indus-
trial foundation models, acting as a comprehensive toolchain that 
facilitates efficient model training, fine-tuning, and inference for 
downstream industrial tasks. It accelerates the research, develop-
ment, and application of industrial foundation models. The key 
technologies of the base level include multimodal pre-training, 
mechanism-embedded fine-tuning, and human–agent–cyber– 
physical–social systems (CPSS) collaborative decision-making. 

The purpose of industrial multimodal pre-training is to enable 
models to generalize across essential industrial tasks and effec-
tively process multimodal industrial data through pre-training 
methods [19]. Initially, self-supervised pre-training is performed 
on diverse industrial data modalities, training the encoder and gen-
erator for each modality to facilitate efficient feature representa-
tion extraction. Subsequently, data from different modalities are 
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aligned using cross-modal alignment to ensure consistency within 
the same semantic space. Finally, multimodal fusion methods are 
employed to integrate features from various modalities, enabling 
the model to effectively process and output industrial multimodal 
data. 

The purpose of industrial mechanism-embedded fine-tuning is 
to incorporate industry-specific knowledge and mechanisms into 
the model to improve its performance in complex real-world appli-
cations and its ability to follow human commands. The following 
methods are possible realizations: the incorporation of knowledge 
graphs [4], the integration of industrial mechanistic equations into 
the model’s loss function [20], and instruction-based fine-tuning 
techniques. 

Human–agent–CPSS collaborative decision-making is crucial in 
the process industry. Industrial agents are developed from the 
industrial foundation model by enhancing their capabilities for 
perception, memory, planning, and action. This enhancement 
equips them with the ability to actively perceive and manage CPSS, 
facilitating the real-time monitoring of complex production envi-
ronments and the dynamic adjustment of control strategies. As a 
result, these advancements contribute to more efficient production 
and management practices. 

2.3. Adaptation level 

Within the framework for industrial foundation models, the 
model adaptation level improves the application capabilities of
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the foundational industrial model through targeted fine-tuning 
that is tailored to specific tasks and industries, encompassing both 
industrial task adaptation and industry-specific adaptation. The 
industrial foundation model evolves into an industrial task-
oriented foundation model through industrial task adaptation. This 
adaptation process can generate six distinct types of models: 
mechanism cognition model, knowledge Q&A model, simulation 
and generation model, process control model, optimization and 
decision-making model, and scientific discovery model. 

To improve the applicability of industrial domain foundation 
models such as those for use in power, metallurgy, petrochemicals, 
and steel, further enhancements are necessary through industry 
data post-pre-training and industry knowledge internalization 
fine-tuning. Industry knowledge post-pre-training [21] is intended 
to refine the industrial foundation model for a specific industry, 
thereby mitigating the illusion phenomenon. In contrast, industry 
knowledge internalization fine-tuning focuses on embedding 
industry-specific knowledge and data into the model. 

2.4. Application level 

The application level represents the manifestation of the pro-
cess industrial foundation model on the service side. As illustrated 
in Fig. 2, the core capabilities of the industrial foundation model 
encompass mechanism cognition, knowledge Q&A, simulation 
and generation, process control, optimization and decision-
making, and scientific discovery. In specific industrial scenarios, 
users can select tailored task foundation models or industry 
domain foundation models to create an industrial agent. Compared 
with traditional industrial foundation models, these agents possess 
the ability to proactively perceive industrial environments, auton-
Fig. 2. The application of foundation 
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omously make planning decisions, and control and invoke CPSS. 
This capability facilitates efficient collaborative interactions with 
users and industrial CPSS, thereby further optimizing their applica-
tion effectiveness in specialized industrial scenarios. 

Overall, the industrial foundation model plays a crucial role in 
industrial applications, manifesting in several key areas. It facili-
tates the processing of specialized knowledge questions, enables 
a deep understanding and analysis of complex industrial mecha-
nisms, optimizes decision-making in production processes, ensures 
precise control of reactions, automates the generation of industrial 
content and simulation results, and aids in the discovery of new 
materials and processes. 
3. Applications 

3.1. Mechanism cognition 

Mechanistic cognition is essential for understanding complex 
industrial systems, as it refers to understanding the underlying 
principles of the process industry [22]. Mechanism cognition is 
the ability of industrial foundation models to discover hidden 
parameter relationships and process mechanisms, thereby assist-
ing in process improvements. Foundation models can leverage 
existing mechanistic knowledge, data, and the complex physical 
and chemical reaction mechanisms involved in industrial pro-
cesses. By learning from and analyzing historical data and mecha-
nistic theories, they can understand the relationships between key 
variables and reaction mechanisms, helping engineers improve 
process operations. For example, a foundation model can learn 
the principles of chemical reaction kinetics to predict the factors
models for the process industry. 
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influencing reaction rates, product quality, and yield within a reac-
tor. It can then assist engineers in reasoning and determining the 
optimal ranges for factors such as raw material concentration, tem-
perature, and environmental pH, thus enhancing production line 
efficiency. 

3.2. Knowledge Q&A 

The industrial domain is characterized by diverse and complex 
professional knowledge [23]. Knowledge Q&A refers to the ability 
of industrial foundation models to provide specialized knowledge 
related to the process industry, offering engineers and operators 
quick and targeted answers to technical questions. By integrating 
and learning from a vast amount of professional literature, exper-
imental data, and process knowledge bases, the model can swiftly 
provide relevant information and technical guidance when engi-
neers pose questions, significantly reducing decision-making time. 
Additionally, integrating the models with human-in-the-loop feed-
back mechanisms ensures that they can adapt to evolving indus-
trial standards and practices, allowing them to provide more 
precise, contextually relevant answers. For example, suppose an 
abnormal situation arises during the production process. In that 
case, an engineer can query the foundation model, which will 
rapidly generate a list of possible causes based on historical expe-
rience and process parameters, helping to identify the source of the 
abnormal process. 

3.3. Simulation and generation 

Simulation and generation refer to the capability of industrial 
foundation models to create high-precision simulation models that 
provide comprehensive analysis and simulation of complex reac-
tion processes. The model’s learning and predictive capabilities 
can generate various process simulation outcomes under different 
conditions, helping engineers pre-evaluate the effects of process 
adjustments and avoid potential risks during experimentation. 
For instance, during the development and testing of new process 
technologies, engineers can use the foundation model to generate 
simulation results to predict product quality under different pro-
cess conditions, thereby determining the optimal combination of 
process parameters. Moreover, by inputting specific data and con-
trol strategies, the model can simulate and output key physical 
field distributions, such as the temperature and magnetic fields 
within a reactor, thus aiding in monitoring the production process. 
3.4. Process control 

Process control refers to the ability of industrial foundation 
models to monitor and regulate critical parameters in real time, 
ensuring the stable operation of processes. By analyzing and learn-
ing from real-time data, the model can dynamically monitor the 
values of essential process parameters, responding to fluctuations 
and uncertainties in the production process to maintain product 
stability and consistency. For example, during continuous produc-
tion, the foundation model can monitor critical parameters such as 
temperature, pressure, and flow, providing real-time feedback and 
adjusting the control strategies to prevent fluctuations in product 
quality. The model can also output recommended adjustment 
plans for staff, assisting them in managing the state of the reaction 
process. Furthermore, the process control functionality of a foun-
dation model can ensure safety by embedding operational safety 
constraints within the model’s logic during fine-tuning. This 
ensures that all recommended actions adhere to predefined 
thresholds, such as temperature, pressure, or flow limits, avoiding 
unsafe conditions. 
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3.5. Optimization and decision-making 

Optimization and decision-making refer to the capability of 
industrial foundation models to perform the global optimization 
of multivariable and multi-objective processes. By integrating sys-
tems such as enterprise resource planning, the foundation model 
can identify the optimal production plan from vast data and com-
plex constraints, maximizing economic benefits and resource uti-
lization. In addition, developing a robust prompt library that 
integrates decision-making scenarios with domain-specific indus-
trial knowledge will be essential for effectively fine-tuning and 
aligning model outputs with practical applications. For example, 
in raw material procurement and inventory management in the 
process industry, a foundation model can consider factors such as 
raw material price fluctuations, supply chain stability, production 
demand, and inventory costs to develop an optimal procurement 
and inventory plan. This ensures the continuity and efficiency of 
production, reduces raw material costs and inventory pressure, 
and enhances overall operational efficiency and market 
responsiveness. 

3.6. Scientific discovery 

In this context, scientific discovery refers to an industrial foun-
dation model’s ability to support the development of new materi-
als, processes, and products. By analyzing large volumes of 
experimental data and process parameters, a model can help 
researchers identify potential scientific laws, new material proper-
ties, and breakthrough processes and quickly validate new techno-
logical paths. Foundation models can integrate prior knowledge 
and propose new experimental configurations that align with prior 
research. This reduces the time and resources needed to identify 
optimal parameters, especially in experiments that require the 
control of multiple variables. For example, in the discovery and 
prediction of new material properties, a foundation model can pre-
dict material performance in practical applications based on his-
torical big data and mechanistic knowledge or identify potential 
synthesis pathways for materials, thereby accelerating the devel-
opment process of new materials, improving R&D efficiency, and 
reducing experimental costs. 
4. Future directions 

4.1. Joint representation of multimodal data and industrial 
mechanisms 

The production processes in the process industry are highly 
complex, involving knowledge from multiple disciplines such as 
physics, chemistry, and mechanics. These processes include vari-
ous data sources, such as sensor data, images, and text, with com-
plex coupling relationships. The challenge lies in effectively 
integrating and processing this multimodal data alongside indus-
trial mechanisms. To address this challenge, future models must 
be capable of analyzing different data modalities, jointly represent-
ing explicit and implicit industrial mechanisms within a unified 
feature space, and reasoning based on these representations. 

4.2. Process control with multi-objective functions and mechanism 
constraints 

The production processes in the process industry require the 
balancing of multiple objectives that often conflict with each other, 
such as improving efficiency, reducing energy consumption, con-
trolling emissions, and ensuring product quality. Foundation mod-
els must find optimal solutions under various constraints, but the
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complexity of these constraints makes multi-objective optimiza-
tion a significant challenge in model design and application [24]. 
Future development will include introducing high-precision phys-
ical and chemical simulation technologies and dynamic process 
adaptation techniques. By integrating theories such as molecular 
dynamics simulations, models can gain a deeper understanding 
of production processes. Models will also gain dynamic adjustment 
and self-adaptive capabilities using methods such as incremental 
learning algorithms or meta-learning neural networks, which will 
allow them to continuously update based on new data and main-
tain their optimization effectiveness. 

4.3. Explainable optimization and decision-making 

The high risks and costs in the process industry make decision 
transparency critically important. However, current foundation 
models often operate as ‘‘black boxes,” lacking interpretability, 
which can affect their trustworthiness and practical application, 
particularly in precisely controlled industrial environments [25]. 
Improving the interpretability of foundation model outputs will 
become a key focus in the future. This can be achieved by integrat-
ing interpretable machine learning techniques to demonstrate and 
explain the logic behind decisions, thereby enhancing trans-
parency and trust. Future research could focus on extending these 
reasoning mechanisms to better align with industrial processes. 
This includes addressing the multivariable dependencies, sequen-
tial decision-making, and specific process constraints encountered 
in industrial environments. A critical step will be developing a 
comprehensive prompt library that integrates decision problems 
with domain-specific industrial knowledge to fine-tune the model 
effectively. Moreover, by combining the knowledge of domain 
experts and introducing feedback mechanisms, a ‘‘human– 
machine co-decision-making” system can be formed, allowing 
users to question and adjust decisions. This dynamic interaction 
mechanism will further improve the model’s interpretability. 
4.4. Lightweight industrial foundation models for edge devices 

In many industrial scenarios, such as the deployment of founda-
tion models on edge computing or embedded devices, hardware 
resources (e.g., storage, computing power, and energy consump-
tion) are limited. This requires models to be lightweight and cap-
able of efficiently utilizing the limited hardware resources while 
ensuring real-time performance. In industrial scenarios, model 
prediction accuracy is critical for applications such as production 
optimization and fault prediction, so maintaining model perfor-
mance, multimodal understanding capabilities, and generalizabil-
ity while reducing model size is a significant challenge. Future 
research will focus on model compression techniques [26,27], 
including quantization, pruning, and knowledge distillation, to 
minimize complexity and resource usage while preserving predic-
tion accuracy. Quantization reduces the precision of model param-
eters, lowering computational demands, while pruning removes 
redundant components, minimizing model complexity without 
sacrificing accuracy. Developing AI-specific hardware can also 
improve the model’s processing speed. 

4.5. Generative models for new processes and materials 

Current models in the process industry encounter significant 
limitations, particularly in material design, where they struggle 
with both explicit and implicit constraints, resulting in materials 
that may not meet critical requirements. Moreover, these models 
have limited predictive capabilities for material synthesis and sta-
bility, which restricts their applicability. To solve these issues, one 
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approach is to introduce multidimensional constraint optimization 
algorithms to improve the predictive accuracy of material perfor-
mance under specific conditions. In addition, models can provide 
real-time feedback and adjustments to enhance synthesis success 
rates by linking with automated synthesis platforms. When pre-
dicting material stability, combining molecular dynamics with 
other physical mechanisms could refine the analysis of the mate-
rial’s microstructure, helping models identify potential structural 
defects or energy instability points that could lead to material fail-
ure and allowing for corrections during the design stage. This 
would improve the success rate of generating physically and chem-
ically feasible materials and advance progress in material design 
and development within the process industry. 
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