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Multi-agent systems for chemical engineering: a review 
and perspective
Sophia Rupprecht, Qinghe Gao, Tanuj Karia and  
Artur M Schweidtmann

Large language model (LLM)-based multi-agent systems 
(MASs) are a recent but rapidly evolving technology with the 
potential to transform chemical engineering by decomposing 
complex workflows into teams of collaborative agents with 
specialized knowledge and tools. This review surveys the state- 
of-the-art of MASs within chemical engineering. While early 
studies demonstrate promising results, scientific challenges 
remain, including the design of tailored architectures, 
integration of heterogeneous data modalities, development of 
foundation models with domain-specific modalities, and 
strategies for ensuring transparency, safety, and environmental 
impact. As a young but fast-moving field, MASs offer exciting 
opportunities to rethink chemical engineering workflows.

Address
Delft University of Technology, Department of Chemical Engineering, 
Van der Maasweg 9, Delft 2629 Hz, the Netherlands  

Corresponding author: Schweidtmann, Artur M  
(a.schweidtmann@tudelft.nl).

Current Opinion in Chemical Engineering 2026, 51:101209

This review comes from a themed issue on Artificial intelligence 
and chemical engineering

Edited by Venkat Venkatasubramanian and Connor Coley

Available online xxxx

https://doi.org/10.1016/j.coche.2025.101209

2211–3398/© 2025 The Author(s). Published by Elsevier Ltd. This is 
an open access article under the CC BY license (http:// 
creativecommons.org/licenses/by/4.0/).

Introduction
The advent of large language models (LLMs), such as the 
Generative Pretrained Transformer (GPT-4) [1], has 
marked a technological leap, enabling advanced capabilities 
in language translation, multimodal data processing, math
ematical reasoning, and code generation [2]. These advances 
have facilitated progress in various domains, including 
chemistry and materials science. Likewise, there is growing 
interest in developing and applying LLMs in the chemical 
engineering domain [3,4] and more specifically to process 
systems engineering [5–7].

Although LLMs have demonstrated strong capabilities 
in various domains, their application in chemical en
gineering remains limited due to multiple fundamental 
shortcomings. Chemical engineering workflows are in
herently complex, spanning multiple scales and relying 
heavily on specialized simulation tools and external data 
sources. Such workflows cannot be reliably replicated or 
replaced by standalone LLMs yet. Trained as end-to- 
end black box models, LLMs are prone to hallucinations 
arising from biases and gaps in their training data, pro
ducing confident yet incorrect outputs. Employing such 
standalone LLMs lacks transparency and interpret
ability, and can even lead to significant safety risks. 
Critically, general-purpose LLMs do not possess an in
trinsic understanding of physical laws, such as thermo
dynamic constraints or mass and energy balances, 
frequently resulting in outputs that are physically invalid 
[8•,9]. Thereby, LLMs often fail to solve domain-spe
cific, multi-step problems that demand physical rea
soning and a system-level perspective. Without access to 
relevant tools and trusted data sources, even the most 
advanced LLMs remain fundamentally constrained in 
their capabilities.

LLM-based multi-agent systems (MASs) offer a pro
mising methodology to address these challenges. An 
agent is most generally defined as an entity that per
ceives its environment and independently executes ac
tions upon the environment on behalf of its owner 
[10,11]. In contrast to rule-based agentic frameworks, an 
LLM-based agent is a dynamic computational entity 
that is capable of communicating through natural lan
guage and can attempt to reason over a broader range of 
tasks [12]. In the context of MASs, LLM-based agents 
address the shortcomings of standalone LLMs by ex
tending their capabilities to interact with tools and da
tabases, enabling them to access external knowledge for 
more informed decision-making and increasing the 
transparency and traceability of information. MASs elicit 
inter-agent cooperation, coordination, and negotiation to 
accomplish individual or shared goals [11]. MASs sub
divide complex tasks into smaller sub-tasks and assign 
roles to distinct agents that can interact with each other 
[13••,14]. Therein, single agents are usually LLMs that 
are equipped with carefully selected external knowledge 
in the form of executable tools, access to databases, and 
literature to perform specific tasks [2]. The individual 
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agents need to possess a certain level of autonomy, de
cision-making capabilities, proactiveness, and commu
nication skills to make the MAS performative in 
dynamic and distributed environments.

MASs have already shown success in other domains 
[15,16]. Notable examples of MASs are in chemistry 
[17–19••], drug discovery [20], material design [21], 
scientific discovery [22–24], medicine [25], and code 
generation [26]. Recent production-ready frameworks 
such as Clint and CodeRabbit further showcase the use 
of multi-agent collaboration in software engineering 
tasks, including autonomous development, code review, 
and project management. Recently, several review and 
perspective articles have specifically focused on the 
potential of MASs in subfields of chemical engineering 
[9,27,28]. However, a comprehensive MAS for chemical 
engineering has not been proposed or developed yet.

In this article, we review the developments of MASs 
within the overarching chemical engineering domain 
and provide an outlook for further development and 
applications. In State of the art, we review the recent 
studies applying tailored, LLM-supported MASs de
monstrating the potential of MASs for chemical en
gineering applications. Furthermore, in Perspective, we 
discuss the fundamental challenges that must be ad
dressed to enable cross-scale integration in chemical 
engineering workflows with MASs. Finally, we conclude 
the paper in Conclusions.

State of the art
In this section, we first introduce the core concepts of 
MASs (Multi-agent systems) and then review literature 
on applications of MASs in chemical engineering (Multi- 
agent systems in chemical engineering).

Multi-agent systems
MASs are distributed systems composed of multiple 
agents that interact to achieve individual or collective 
goals [2]. While traditional supervised models learn static 
mappings, agents can dynamically reason over tasks, 
invoking tools or querying data as needed. These cap
abilities facilitate iterative and reflective interaction in 
agents, thereby improving transparency and adaptability 
compared to standalone LLMs. Human-in-the-loop 
guidance is required to ensure the alignment of the MAS 
conversation with the overall objective of the human 
user. A human-in-the-loop should also be in place to 
address shortcomings of agents’ outputs during con
versation. Hence, MASs with human-in-the-loop pro
vide a natural framework for streamlining chemical 
engineering workflows that require complex decision- 
making. While MASs were proposed back in the 1990s 
for autonomous agents and distributed AI [11], they 

have received significant attention recently due to the 
advent of LLMs.

For modern MASs, agents are typically LLMs capable of 
interacting with tools by selecting suitable tools, providing 
tools’ input arguments, and interpreting tool outputs. 
Agents are also capable of querying structured information 
from relational databases (e.g. via Structured Query 
Language (SQL) [29]) and knowledge graphs (e.g. via 
Cypher [30]), enabling access to structured domain 
knowledge. A knowledge graph is a structured network of 
entities (nodes) and their relationships (edges) that en
codes meaning and context, enabling both humans and 
machines to query, integrate, and reason over connected 
data. For unstructured information — such as scientific 
literature, reports, or manuals — retrieval-augmented 
generation (RAG) [31] techniques are used to extract re
levant content. Large unstructured text corpora are seg
mented into smaller text chunks during preprocessing. 
Each chunk is then transformed into a semantically rich 
vector representation, or embedding, and stored in a vector 
database. RAG finally allows the retrieval of semantically 
similar text snippets during inference, given a user query. 
Recent extensions adapt RAG for graph-based retrieval, 
that is, Graph RAG [32–34], by transforming unstructured 
text into knowledge graphs. The knowledge graphs used 
for Graph RAG-based approaches offer the advantage of 
capturing top-level relations between pieces of informa
tion, compared to isolated text snippets in the case of 
standard RAG methods [32].

To facilitate communication among various agents to 
develop MASs, several open-source libraries such as 
AutoGen [13••], crewAI [35] by Microsoft, and Lang
Graph [36] by LangChain have been proposed. There 
exist many more open-source MAS frameworks, such as 
CAMEL [37] and MetaGPT [38]. Such libraries offer 
toolkits to design MASs and infrastructure to use a 
variety of LLMs as drop-in models within agents. For 
instance, LangChain supports interfaces for integrating 
LLMs from multiple providers, including OpenAI, Ol
lama, and Anthropic. MASs, of course, cannot eliminate 
the hallucinations of the LLMs they use within agents. 
For instance, Taskiran et al. [39•] explored a LangChain 
prebuilt chatbot for pharmaceutical engineering and 
observed significant propagation of hallucinations in the 
case of knowledge graph information retrieval.

LangGraph [36] is widely used for scientific applications 
and supports flexible conversation via graph structures. 
In LangGraph’s graph structure, nodes represent agents, 
and edges represent communication. LangGraph [36] is 
also capable of differentiating between unconditional 
and conditional edges. Unconditional edges imply that 
there is a predetermined next agent, independent of the 
contribution of the previous agent. Conditional edges 
indicate that the next agent is dynamically inferred 
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during inference, depending on the state of the con
versation. These frameworks can incorporate human 
agents, enabling expert oversight and intervention, en
hancing reliability, interpretability, and control - crucial 
for safety-critical domains like chemical engineering.

Figure 1 illustrates five basic architecture types of MASs 
[15,16,36,40]: (I) chain — a linear sequence of agents 
using unconditional edges only; (II) directed acyclic 
graph (DAG) — incorporates dynamic edges to enable 
branching paths; (III) directed cyclic graph (DCG) — 
allows iterative workflows by including cycles in the 
graph; (IVa) centralized — a supervisor agent co
ordinates specialized sub-agents; (IVb) nested hierarchy 
— an extension of the centralized model where the su
pervisor manages modular sub-systems, each with its 
own internal structure; (V) network — fully connected 
agents that communicate freely and can independently 
terminate or respond to tasks. The architectures I to V 
are organized with increasing inter-agent connectivity, 
which can increase the flexibility of the MAS’s behavior. 
Such increased flexibility could allow for more feedback 
mechanisms between agents and humans-in-the-loop, 
and can potentially lead to an increased level of au
tonomy of the MAS. The choice of architecture depends 

on the nature of the application, including task com
plexity, communication needs, and coordination over
head. Each architecture offers trade-offs in terms of 
scalability, interpretability, and adaptability.

Multi-agent systems in chemical engineering
In Table 1, we summarize recent studies showcasing the 
application of MASs for chemical engineering tasks 
[39••,41•–49••]. Lee et al. [41•] propose a MAS that 
suggests process design improvements based on existing 
Process Flow Diagrams (PFDs). Pajak et al. [45] use a 
MAS to balance economic and environmental objectives 
in gas-oil separation. MASs have also been employed for 
general process problem-solving [44], autonomous in
dustrial control [42], and generating PFDs or P&IDs 
from natural language descriptions [43•46•]. Others use 
agents to identify operational constraints in process op
timization [47] or to build structured knowledge graphs 
from multimodal data for schematic synthesis via 
GraphRAG [48]. Approaches to MAS applications in 
quantum chemistry [49••] and pharmaceutical en
gineering [39•] are included in the review as well. Now, 
we examine the publications along five aspects: archi
tecture of the MASs, tool and database integration, 
modalities of data used, and human integration.

Figure 1  

Current Opinion in Chemical Engineering

Architecture options for MASs. MASs can be modeled as graphs [36] with agents as nodes and edges as conversation routes. Unconditional edges 
imply that there is a predetermined next agent, independent of the contribution of the previous agent. Conditional edges indicate that the next agent is 
dynamically inferred during inference, depending on the state of the conversation. The chain architecture (I) is a fixed sequence of agents connected 
with conditional edges. A directed acyclic conversation graph (II) contains conditional edges. A directed cyclic conversation graph (III) includes loops 
where substeps of the conversation can be repeated. In a centralized architecture (IVa), there is a single supervisor agent managing multiple 
subordinate agents. A nested hierarchical structure (IVb) includes a supervisor managing multiple sub-systems, which can consist of single agents or 
independent, customized architectures. The network architecture (V) puts each agent in direct contact with every other agent independently.  
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Architecture
The DCG (III) is the most common architecture type of 
MASs in chemical engineering [42,43,45–47] (Table 1). 
MASs using a DCG architecture typically mirror the 
structure of the engineering workflows they support. 
Feedback loops and iterative refinement steps within 
such engineering workflows thus make DCGs the fron
trunner architectural choice. We hereafter briefly detail 
how publications using a DCG MAS architecture facil
itate alignment with the corresponding engineering 
workflow. Afterwards, we detail how previous work ad
dresses tasks using a DCG that does not follow existing 
engineering workflows. Finally, we inspect how other 
architecture types, I, IVa, and IVb, are applied in pre
vious work.

Vyas et al. [42] suggest mirroring the control and mon
itoring structure of processes at an industrial scale. This 
results in a DCG due to the nested feedback loops of 
common control structures. The DCG presented by 
Gowaikar et al. [43•] aims at the automatic creation of P 
&IDs in an iterative, cyclic workflow. The user describes 
individual subsystems of the envisioned P&ID in nat
ural language, which the MAS then translates into a 
standardized, XML-based representation format for 
each. The representation of each P&ID subsystem is 
validated by a human-in-the-loop. This sequence of 
steps continues until all subsystems are added to the P& 
ID. Pajak et al. [45] propose a MAS for a decision- 
making process for operational setpoint selection of a 
gas-oil separation plant. The MAS architecture follows 
three steps: deriving a Pareto front of potential setpoints, 
selecting a suitable setpoint — considering both eco
nomic and environmental aspects, and finally, running a 
simulation of the plant with the selected setpoint. The 
decision-making process within the second step closely 
resembles an iterative human-centric workflow, thus 
resulting in a DCG MAS architecture: two agents enter a 
multi-turn debate, each supporting a different objective: 
minimal costs or minimal emissions. A third agent 
thereafter selects a setpoint based on the arguments 
presented during the debate. Srinivas et al. [48] employ 
a DCG architecture to systematically extract and ag
gregate chemical process information from a plethora of 
multimodal sources. A meta-agent orchestrates sub- 
agents that specialize in a certain modality each: images, 
journal articles, patents, HTML, etc. Each agent de
scribes the information obtained from each modality in 
language. The sum of information is aggregated and 
assessed, introducing an iterative feedback loop.

Previous work also employs DCG architectures for 
workflows distinct from human-centric procedures 
[46•,47]. Srinivas et al. [46•] implement an iterative two- 
agent MAS that generates natural language descriptions 
of PFDs and P&IDs. A coordinating agent guides a 
subordinate agent to retrieve relevant data from curated T
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databases. The resulting response is evaluated itera
tively by a critique agent that provides feedback using 
an LLM-as-a-judge mechanism or human feedback until 
a generated response satisfies the critique agent’s judg
ment. Zeng et al. [47] define process operating con
straints using a DCG that differs from heuristics-based 
human-centric workflows. Given a user’s description of a 
process, an initial agent defines bounds for the process’s 
decision variables. Next, a group of agents derives sui
table parameter values in a guided, iterative collabora
tive workflow.

The chain (I) and DAG (II) architectures enforce strictly 
linear or branching workflows without feedback loops. 
For instance, Lee et al. [41•] use a six-agent chain (I) 
architecture following a predefined sequence of tasks to 
improve existing PFDs. Taskiran et al. [39•] employ two 
LLM-backed agents in sequence for entity extraction 
and response generation, respectively, as a chatbot for 
pharmaceutical engineering questions. However, the 
rigid design types (I-II) limit the system’s ability to 
handle iterative refinement or adapt to edge cases, which 
may constrain performance on more complex or ill-de
fined tasks. In contrast, DCGs (III) offer a balance be
tween rigidity, which enforces task structure, and 
flexibility, which allows iteration and adaptation to edge 
cases.

The centralized (IVa), the nested hierarchical (IVb), and 
the network architecture (V) favor flexibility over struc
tured flow and align with tasks that lack a predefined 
engineering sequence. The centralized architecture 
(IVa) used by Sakhinana et al. [44] assigns decision- 
making to a central coordinator that delegates tasks to 
specialized agents. Zou et al. [49••] implement the 
nested hierarchical (IVb) architecture where a top-level 
agent delegates tasks to specialized subgroups of agents. 
This publication presents a hybrid form because ele
ments of a network (V) are present: Some subgroup 
agents interact with agents at different hierarchy levels 
or agents of other subgroups.

Tool integration
A majority of MAS applications in chemical engineering 
rely on tool integration [41•–47,49••]. This highlights 
the central role of outsourcing tasks to specialized tools 
from purely LLM-based workflows. Tool integration is 
thus a crucial enabler in establishing MAS functionality 
within chemical engineering.

Previous work chose different ways to interface with the 
tools listed in Table 1, depending on the public avail
ability of tool interfaces. Existing Application Program
ming Interfaces (APIs) are leveraged by previous work to 
integrate desired tools into chemical engineering MASs, 
for example, Stack Overflow’s and Wolfram Alpha’s APIs 
[44], or Microsoft Visio’s C# API [43•]. If offline software 

does not provide publicly available interfaces, users must 
develop custom interfaces to facilitate tool integration. 
For example, Pajak et al. [45] and Zeng et al. [47] in
teract with simulation environments through tailored 
interfaces to Aspen HYSYS and Pyomo [45], and IDAES 
[47], respectively.

The distribution of tools across agents is a critical deci
sion that is addressed differently in the reviewed lit
erature. In single-agent systems, all tools are assigned to 
a single agent, for example, in the case of ChemCrow 
[19••]. ChemCrow’s LLM-powered agent can access 18 
tools, requiring it to both select the appropriate tool and 
formulate the corresponding tool-call arguments to ac
complish tasks spanning from automatic synthesis to 
materials design. In most reviewed MAS examples, tools 
are distributed across agents by expertise. For example, 
El Agente [49••] groups agents into modules by ex
pertise. A subagent may have access to a selection of 
tools that match the domain of expertise, or no tool ac
cess. An individual tool may be called by different 
agents if the tool suits the agents’ scope of action, for 
example, the execution of Python code in El Agente’s 
architecture [49••].

Database integration
Across the reviewed literature, external information from 
databases is retrieved to enhance the domain relevance 
of LLM-backed agents’ prompts. The works differ in 
how information is retrieved from the external databases. 
The most common retrieval methods are RAG [45] and 
Graph RAG [46•48]. Such RAG-based approaches aim at 
retrieving information from the external vector database 
that is semantically similar to a provided query. Pajak 
et al. [45] extract relevant pieces of text from larger re
ports, for example, the COP28. Graph RAG database 
retrieval is applied for advanced code generation [44]
and retrieval of process flow and instrumentation de
scriptions [46•,48]. A different approach to database in
tegration is presented by Taskiran et al. [39•], where raw 
information is queried from a graph database.

We observe differences in the generation of the data
bases used in the reviewed literature. The chemical 
engineering domain is not a classical big data domain 
[50] as there is a shortage of publicly available relational 
and graph databases compared to other domains, such as 
chemistry. Hence, previous work presents approaches to 
generate tailored structured databases. The source of 
origin for all databases used by the reviewed literature is 
unstructured literature [39•,44–46,48,51]. Most of these 
works [39•,44,46•,48,51] construct a knowledge graph of 
text embeddings of the information acquired. Before an 
extensive knowledge graph can be built, extensive 
amounts of multimodal information are aggregated first 
[44,46•,48,51]. The modalities include text in combi
nation with equations [51], code [44], tables [44,51], and 
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figures [44,48,51]. To generate text embeddings of all 
modalities, previous literature commonly employs mul
timodal LLMs to produce descriptions of images, tables, 
etc. [44,48,51]. The ontology of the underlying knowl
edge graph is often extracted dynamically by an LLM 
[44,48]. An exception to this is the work of Taskiran 
et al. [39•], who base their knowledge graph construc
tion process on unified, domain-specific ontologies.

Modalities
Chemical engineering spans heterogeneous data types: 
sensor signals, molecular representations (e.g. SMILES, 
graphs), process flowsheets, P&IDs, and simulation files 
[52]. Textual information (natural language instructions 
or additional contextual information) is often inserted 
directly into LLM prompts. Modalities other than text 
are typically preprocessed before they are introduced 
into the MAS or individual LLMs. In the previous sec
tion on database integration, we outlined that previous 
work aggregates information stored in different mod
alities in academic literature into a joint knowledge 
graph of text embeddings [44,46•,48,51]. Tables, figures, 
and code are summarized using multimodal LLMs 
[44,46•,48,51]. Numerical values — such as simulation 
results [45,47] or sensor data [42] — are typically em
bedded into prompts. Chemical processes are re
presented via natural language descriptions in the work 
of Srinivas et al. [46•]. Chemical processes can also be 
represented as graphs, which are used either as an al
ternative to text (e.g. D-SFILES [41•]) or as structured 
XML inputs [43•,53].

Human integration
Most MASs in chemical engineering reviewed so far operate 
autonomously, and they do not integrate human oversight 
[41•,42,44,45,47]. Four studies embed human interaction 
into the MAS architecture [43•,46•,48,49••]: Gowaikar et al. 
[43•] employ a human assessor to validate new additions to 
a P&ID visually through MS Visio. Srinivas et al. [46•] and 
Srinivas et al. [48] use a human-in-the-loop to provide 
feedback on suggestions made during the solution process 
of the MAS. Zou et al. [49••] present a versatile graphical 
user interface for human interaction and guidance.

Most works reviewed so far focus on solving a specific 
task in chemical engineering. A notable exception is the 
work of Sakhinana et al. [44], which addresses general 
question answering in chemical engineering. In the next 
section, we outline our perspective on developing a 
general MAS for chemical engineering.

Perspective
We envision MASs to become an important tool for 
chemical engineering (Our vision). After proposing our 
vision, we discuss integral parts to achieve this vision, 
including MAS architecture (Architecture), tool (Tool 

integration), and database integration (Database in
tegration), knowledge base integration (Knowledge base 
integration), and chemical engineering foundation 
models with domain-specific modalities (Chemical en
gineering foundation models with domain-specific 
modalities). In Section Transparency, safety, and re
sponsible development, we critically reflect on chal
lenges regarding the transparency and reliability of such 
systems.

Our vision
We envision MASs in chemical engineering as inter
connected, human-centric collaborators that integrate 
across different scales, with access to domain-specific 
tools, databases, and modalities to drive intelligent and 
transparent decision-making.

Chemical engineering challenges span multiple scales 
from molecular to plant-wide operations and global 
supply chains. As illustrated in Figure 2, MASs offer a 
natural way to bridge these layers, with agents specia
lizing in specific tasks while coordinating toward shared 
objectives. This architecture aligns closely with how 
chemical engineering work is already organized: in teams 
of experts using specialized tools and information. For 
example, agents equipped with thermodynamic and ki
netic models can explore reaction pathways and mate
rials, accelerating discovery at the molecular level. At the 
process level, operational agents dynamically run opti
mization routines, balancing yield, energy efficiency, and 
safety. Across plant and supply chain scales, agents ne
gotiate schedules, logistics, and inventories in real time, 
while sustainability-focused agents continuously eval
uate environmental and economic performance.

We envision a future where every engineer manages a 
team of intelligent agents. This paradigm extends ex
isting workflows and empowers engineers in a scalable, 
intuitive way. At all times, human engineers remain 
central to this ecosystem. Rather than replacing human 
expertise, MASs are designed to support and augment it. 
This requires agents to communicate in ways that are 
transparent, interpretable, and aligned with the users, for 
example, through natural language, engineering dia
grams, modeling code, and experimental procedures.

Realizing this vision depends on agents being well in
tegrated into the chemical engineering domain. This 
includes interoperability with modeling and simulation 
tools, access to validated databases, and the ability to 
interpret diverse data modalities. The goal is not to build 
generic end-to-end black-box AI systems, but domain- 
specialized teams of agents that understand and respect 
the intricacies of their subdomain within chemical en
gineering. The following subsections outline the key 
building blocks and developments that are required to 
realize our vision.
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Architecture
The architecture of a MAS is a key design decision as it 
substantially influences the conversation workflows, 
adaptability, and overall performance [12,15,54,55]. 
Previous research has shown that architectural choices 
are a major contributing factor to the success of MASs in 
other domains [26,54,56]. For example, Ishibashi et al. 
[26] proposes a flexible, hierarchical, dynamic, and 
scalable architecture for code generation and optimiza
tion, which yields competitive performance on a domain- 
specific benchmark. Chen et al. [54] explore four archi
tecture types — centralized, decentralized, and two hy
brid architectures — for the task of multi-robot 
coordination and find that a hybrid architecture yields 
best results and offers beneficial scaling opportunities for 
an increasing number of agents. Li et al. [56] propose 
AgentForest, a method that repeatedly samples re
sponses from a single language model or a multi-agent 
framework, and then applies majority voting to select 

the final answer. The authors compare the performance 
of AgentForest with common prompt-engineering tech
niques, multi-agent collaboration approaches, and hy
brids that combine those methods with AgentForest 
[56]. Therefore, identifying suitable MAS architectures 
for chemical engineering is an important yet open re
search challenge.

Previous MAS architectures in chemical engineering 
have mirrored the existing engineering workflows by 
mapping human and agent roles (cf. Multi-agent systems 
in chemical engineering). Such MAS architectures pro
mote transparency and interpretability while aiming to 
improve efficiency and enable (semi-)automation. MASs 
that resemble human-centric workflows are evocative of 
the concept of expert systems. Expert systems in che
mical engineering have a long-standing tradition, dating 
back over five decades [50]. Expert systems described in 
literature pre-2000 strongly align with a vision of a 

Figure 2  
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transparent and interpretable AI that is grounded in 
engineering knowledge, for instance, in the cases of 
physical property prediction [57] and catalyst selection 
[58]. Such expert systems contain valuable engineering 
knowledge that should be considered when building 
MASs. It can be argued that MASs can potentially re
ceive soft engineering knowledge via their architecture 
if it follows expert systems’ behaviors for certain tasks.

An additional approach to following existing engineering 
workflows could be a modular design that enables agents 
to coordinate flexibly while maintaining transparency 
and accountability. This modular design makes the MAS 
extendable to additional tasks without modifying ex
isting components, unlike end-to-end workflows. In 
adjacent domains, like quantum chemistry [49••] and 
more distant domains, like computer science [56,59], 
there exist MAS architectures that successfully imple
ment such a modular approach. Some works even use 
dynamic assembly of agents depending on the task [26]. 
We recommend exploring how MASs that innovate be
yond established workflows compare to those that clo
sely mirror human workflows. In particular, the 
hybridization between the two approaches could help 
tap the full potential of MASs in chemical engineering.

Tool integration
Tool integration is critical for MASs in chemical en
gineering, a domain reliant on specialized software across 
scales, that is, from DFT at the molecular level to pro
cess simulators like Aspen Plus and gPROMS. Agents 
must interface with these tools via standardized end
points (e.g. Python APIs), yet most commercial software 
lacks such access, posing a key barrier [9]. Therefore, 
developing open interfaces and data standards is essen
tial. We envision MASs with tool-aware agents: some 
wrap specific software, while others orchestrate tools for 
higher-level reasoning. Integration must be built into 
MAS architectures from the start to ensure scalability, 
interpretability, and reuse. Future work should examine 
agent-tool interaction limits, architectural patterns, and 
strategies for managing tool complexity transparently for 
both agents and users. Moreover, LLMs might require 
fine-tuning on our domain modeling languages to take 
full advantage of modeling environments beyond mere 
tool calls [60].

Database integration
Access to structured, validated data is essential for MASs in 
chemical engineering, supporting accurate decision- 
making, reducing hallucinations, and enabling transparent 
reasoning. However, early MAS efforts have not yet con
sidered database integration, increasing reliance on internal 
memory or LLM inference, which is prone to errors and 
unverifiable outputs. We envision MASs interfacing with 
both open-access and commercial databases across scales: 
molecular (e.g. QM9, PubChem), reactions (e.g. Open 

Reaction Database), thermodynamic (e.g. Design Institute 
for Physical Properties, Dortmund Data Bank), and kinetic 
(e.g. National Institute of Standards and Technology). 
Besides these databases, the engineering and operational 
data of plants should also be integrated, for example, 
through process historians and Asset Administration Shells. 
Future work should prioritize developing agents that ac
cess these databases via structured APIs or standardized 
interfaces. Embedding such capabilities early in MAS de
sign will improve modularity, reasoning accuracy, and 
alignment with engineering practice.

Knowledge base integration
Integrating chemical engineering knowledge into MASs is 
indispensable for reliable decision-making and coordina
tion across tasks and tools. The failure of general-purpose 
LLMs at chemical engineering tasks can be attributed to 
multiple factors, such as inadequate contextual compre
hension of domain-specific tokens and jargon, relation
ships, implicit attributes, and sensitivity to noise in their 
training data. An open challenge is how to represent and 
inject existing domain knowledge in a way that remains 
consistent, traceable, and extensible as systems evolve. A 
promising approach is to embed a knowledge graph within 
the MAS to provide a shared, machine-readable schema of 
concepts, entities, and relations. Domain ontologies such 
as OntoCape and DEXPI define standardized vocabul
aries and formal relationships that enable semantic inter
operability, provenance tracking, and formal reasoning 
over domain knowledge. When implemented as knowl
edge graphs, these ontologies provide a machine-readable 
data structure that ensures consistency across applications, 
traceability of data and knowledge, and alignment with 
domain-specific constraints. The reviewed literature con
tains the first examples of such knowledge base integra
tion within the chemical engineering domain 
[39•,44,46•,48,51]. However, only one work [39•] uses a 
fixed, domain-specific ontology.

Chemical engineering foundation models with domain- 
specific modalities
For MASs to effectively support chemical engineering 
workflows, the underlying AI must process the field’s 
diverse data modalities (cf. Multi-agent systems in che
mical engineering). AI cannot assist reliably if it cannot 
interpret the types of information engineers use daily. 
Previous approaches to multimodal integration made use 
of vision language models, for example, to extract figure 
descriptions [46•,51] or for the interpretation of scanning 
electron microscopy images [61]. However, general- 
purpose and out-of-the-box multimodal LLMs have so 
far not shown sufficient capability to reliably handle 
various domain-specific modalities in a chemical en
gineering context (cf. failure of visual language models 
in chemistry [62]). Current out-of-the-box LLMs are not 
sufficiently aware of the chemical engineering context 
and the domain-specific data modalities. A potential 
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approach could be to tailor domain foundation models 
via training or fine-tuning. Foundation models, in con
trast to LLMs, are designed to perform a wider range of 
tasks on various modalities beyond text understanding 
and generation. Chemical engineering foundation 
models could be used as agents within MASs to help the 
integration of siloed systems by bridging modality gaps.

We propose developing foundation models trained on 
chemical engineering-specific multimodal data (cf. 
Figure 3). These models should incorporate multimodal 
learning, leveraging both labeled and unlabeled datasets 
through semi-supervised routines. Such semi-supervised 
learning approaches hold strong potential for fine-tuning 
in low-data regimes, which are common in chemical 
engineering [50]. In particular, we envision that graphs 
will play a key role as a data modality for chemical en
gineering [63,64], building on recent advances in com
puter science [65–69]. Ontology-backed knowledge 
graphs can further reduce hallucinations through formal 
constraints and rule-based validation. To get the en
gineering data in a machine-readable format, digitization 
efforts may be necessary [70]. For industry use, compact 
models (e.g. small language models) or federated 
learning approaches may be necessary.

Transparency, safety, and responsible development
MASs must meet the highest standards for transparency, 
reliability, and accountability, given the safety-critical 
nature of chemical processes. General-purpose LLMs, 
while powerful, are prone to hallucinations and lack 
grounding in physical laws, making them unsuitable as 
fully autonomous decision-makers in this domain. 
Specifically, the auto-complete output generation of 

established encoder-decoder or decoder-only LLMs can 
cause the propagation of hallucinations in certain appli
cation scenarios. Rigorous evaluation of LLM-generated 
content is always required because outputs that appear 
coherent and plausible may be incorrect.

Rather than aiming for full automation, MASs should be 
designed as symbiotic human-AI collaborations. This 
includes static human-in-the-loop checkpoints and dy
namic user consultation during inference — design 
principles that foster trust, ensure accountability, and 
align with emerging regulations like the EU AI Act, 
which mandates human oversight for high-risk AI ap
plications. We consider static monitoring of LLM-gen
erated outputs to be feasible to a certain extent, for 
example, type-checking of tool arguments or enforcing 
limits on repeated tool calls. The monitoring of LLM 
outputs that influence safety-critical decisions should 
always require human approval, for example, whenever a 
MAS interfaces with the real world. Even when MASs 
do not influence high-stakes operation decision-making, 
the propagation of hallucinations might still cause sig
nificant time loss when outputs must be searched for 
potential errors by human engineers. Previous studies 
have implemented human-in-the-loop mechanisms, in
cluding visual interfaces for user approval [43•] and 
workflows that integrate iterative human feedback 
[46•,48]. Human involvement can also be included in 
the training or fine-tuning of LLMs already, for ex
ample, via reinforcement learning with human feedback 
[71] or through direct preference optimization [72].

MAS architectures must be interpretable and evaluable. 
While recent open-source benchmark datasets provide a 

Figure 3  
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starting point [73••,74], chemical engineering workflows 
require domain-specific performance criteria and failure 
taxonomies. Broader adoption will depend on standar
dized, task-specific evaluation strategies beyond isolated 
case studies [41•,45]. Interpretable MAS architectures 
and their design process can be supported through vi
sualization and analysis tools such as AgentCoord [75] or 
LangChain’s LangSmith service. Finally, the develop
ment and deployment of LLM-based MASs must con
sider their computational and environmental costs. 
Training and operating large models consume significant 
energy, and these impacts should be assessed using life 
cycle analysis frameworks to ensure AI workflows sup
port the broader sustainability goals of chemical en
gineering.

Conclusions
MASs are a very recent development in chemical en
gineering, with only a handful of pioneering studies 
published to date. Yet, they hold great promise to 
transform the entire field by essentially providing every 
engineer with a capable team of specialized agents. We 
surveyed MASs in chemical engineering, highlighting 
key developments in architecture, tool, and database 
integration, addressing knowledge integration across 
modalities, and human-in-the-loop interaction. Despite 
early promise, the development is only starting, and 
scientific challenges remain, ranging from designing 
suitable architectures and integrating tools and data to 
developing foundation models with domain-specific 
modalities. In addition, issues of transparency, safety, 
human oversight, and environmental impact must be 
addressed. As a young but fast-moving field, MASs offer 
exciting opportunities to rethink workflows in chemical 
engineering.
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