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Abstract

Foundation models, particularly large language models, are increasingly inte-
grated into agent architectures for industrial tasks such as decision support,
process monitoring, and engineering automation. Yet evidence on their pur-
poses, capabilities, and limitations remains fragmented across domains. This
work examines how mature foundation-model-based agent systems are in indus-
trial contexts, how their functional profile differs from conventional agent
systems, and which limitations persist. A systematic literature survey follow-
ing the PRISMA 2020 guideline is presented, screening 2 341 publications and
synthesising a corpus of 88 publications through a structured coding scheme.
The results show that reported systems are predominantly at prototype and
early validation stages (75.0% at TRL 4–6), with deployment-oriented evidence
remaining rare (9.1%). Operational goals are most frequently positioned in user
assistance, monitoring, and process optimisation, while conventional production-
control purposes such as planning and scheduling are less prominent. Compared
with an established baseline for industrial agent systems, the capability pro-
file reveals substantial gains in human interaction (+37%) and dealing with
uncertainty (+35%), but a pronounced deficit in negotiation (−39%). The
most widely reported limitations concern lack of generalization, hallucination
and output instability, data scarcity, and inference latency. A working definition
of foundation-model-based industrial agents is also proposed, bridging conven-
tional agent theory, automation-engineering standards, and the foundation-model
paradigm.

Keywords: foundation models, large language models, multi-agent systems, industrial
automation, systematic literature review
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Abbreviations

DT Digital Twin
FM Foundation Model
HMI Human–Machine Interaction
LLM Large Language Model
MAS Multi-Agent System
MCP Model Context Protocol
MLLM Multimodal Large Language
Model
PRISMA Preferred Reporting Items for
Systematic Reviews and Meta-Analyses
RAG Retrieval-Augmented Generation
TRL Technology Readiness Level

1 Introduction

Software agents and Multi-Agent Sys-
tems (MASs) have been studied for
decades as a design paradigm for dis-
tributed decision-making in industrial
domains such as production control,
logistics, and process engineering [1, 2]. In
conventional settings, i.e. agent systems
that predate the integration of Founda-
tion Models (FMs), agents are typically
rule-based or optimisation-driven entities
that pursue locally specified objectives
under predefined interaction protocols
such as the Contract Net Protocol [3].
With the emergence of FMs, and Large
Language Models (LLMs) in particular,
a new class of agent systems has gained
momentum [4]. Unlike their conventional
counterparts, FM-based agents can inter-
pret unstructured and noisy information
such as natural-language instructions,
maintenance logs, and visual or sensor-
stream inputs, interact with human oper-
ators through conversational interfaces,
and orchestrate heterogeneous tool chains
by generating executable code or applica-
tion programming interface calls through
flexible reasoning [5]. According to Ren
et al. [6], FMs-based industrial agents

comprise different levels of technolog-
ical capabilities: LLM-agents primarily
extend language-centric reasoning and
tool use, Multimodal Large Language
Model (MLLM)-agents add multimodal
perception across textual, visual, and sen-
sor data, whereas Agentic AI refers to
a further step toward self-directed, goal-
driven autonomy in dynamic environ-
ments. The shift from conventional MAS
to FM-based agent systems is not only a
shift in realised capabilities but also in the
underlying coordination logic. Ali et al.
[7] point out the constrast between sym-
bolic coordination through explicit proto-
cols such as the Contract Net Protocol or
blackboard systems with neural coordi-
nation based on structured conversation,
role-based workflows, and prompt-driven
orchestration.

Thus, even though there have been
attempts to address challenges such as
interaction with human operators, tool
orchestration, and general optimisation
applications in the pre-FM era, these new
technologies make such systems much
more accessible, easier to develop and
maintain, as well as considerably more
capable and adaptive.

These developments have led to
rapid adoption across a broad range
of industrial applications, from engi-
neering design automation and shop-
floor control to energy-system operation
and information-technology infrastruc-
ture management [8–10]. At the archi-
tectural level, LLM-based agents are
commonly integrated as central cogni-
tive components that interpret context,
generate plans or recommendations, and
invoke external tools, often augmented
by retrieval mechanisms to ground deci-
sions in domain-specific knowledge [5,
10]. Recent surveys on LLM-based agents
in general-purpose settings have mapped
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these architectural patterns, reasoning
strategies, and tool-use mechanisms [4, 5,
11]. However, the degree to which these
general findings transfer to industrial
contexts, where safety, determinism, and
integration with legacy systems impose
additional constraints, remains an open
question [12].

Despite this growing adoption, there
is no established working definition that
bridges conventional agent concepts and
standards, such as autonomous action in
an environment [1] or encapsulated enti-
ties with control objectives [13], with
the FM paradigm, resulting in possible
confusion with approaches that merely
use LLMs for text generation or con-
versational interaction. Recent surveys
acknowledge this gap: Jin et al. [14]
note that among researchers there is
no “clear distinction between LLMs and
LLM-based agents” and that “unified
standard and benchmarking” remain in
an early stage, while Zhou et al. [15]
call for a “unified taxonomy” to address
the currently “fragmented approach”
to classifying FM-based agent archi-
tectures. A related problem refers to
“conceptual retrofitting”, i.e., the ten-
dency to describe modern LLM-based
systems using classical agent concepts
such as Belief-Desire-Intention (BDI) or
perceive–plan–act–reflect loops, despite
substantial differences in their oper-
ational mechanisms [7]. This lack of
conceptual consolidation is also evident
in recent manufacturing-focused litera-
ture, which explicitly notes that the
definitions, capability boundaries, and
interconnections of LLM-agents, MLLM-
agents, and Agentic AI remain insuf-
ficiently clarified [6]. Compact opera-
tional characterisations have been pro-
posed, e.g., defining agentic LLMs as

systems that “reason, act, and inter-
act” [16], yet no consolidated definition
exists that integrates these perspectives
with automation-engineering standards.
Without such a definition, a system-
atic literature review lacks a reproducible
inclusion criterion.

At the same time, the level of matu-
rity of FM-based agents is unclear,
since evidence on such systems is frag-
mented across application domains, levels
of technological maturity, and evalua-
tion practices. Domain-specific surveys
confirm that the integration of LLMs
in manufacturing is “still in its ini-
tial stages” [17], and a recent meta-
survey on agent evaluation describes the
field as a “complex and underdeveloped
area” and aims to bring “clarity to the
fragmented landscape of agent evalua-
tion” [18]. Individual publications report
prototypes in manufacturing [8, 19], logis-
tics [20], energy systems [10], or engi-
neering design [9], but no consolidated
overview maps the capabilities and matu-
rity of these approaches to a common
framework. Another study points out
that existing industrial FM-based agent
approaches appear to cluster around
assistive and task-oriented roles, whereas
stronger forms of self-directed goal for-
mulation and system-level orchestration
are still largely discussed as an emerging
Agentic AI vision rather than as estab-
lished industrial practice [6]. As a conse-
quence, it remains difficult to assess the
overall technological maturity of the field,
to identify recurring limitations across
domains, and to establish a comparable
evaluation basis, leaving practitioners in
doubt about the capabilities and merits
of adoption of FM-based agent systems in
industrial contexts.
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Furthermore, it is unclear how FM
integration changes the functional pro-
file of industrial agents compared to
classical MAS. Earlier systematic work
on software agents in industrial produc-
tion [2] provides a baseline of purposes
(e.g., planning, scheduling, control) and
capabilities (e.g., negotiation, coordina-
tion, reactivity). Initial evidence sug-
gests a shift: Greis et al. [21] explic-
itly “contrast the capabilities of classic
autonomous software agents and LLM
software agents” in a digital-twin-enabled
manufacturing context, and Zhao et al.
[22] observe that conventional agent nego-
tiation relies on “pre-defined and fixed
heuristic rules” that are ill-suited to
dynamic disturbances, motivating a mul-
timodal LLM-based alternative. This sug-
gests that the two paradigms may be
complementary rather than FM-based
agents being the successor of conventional
approaches. However, this has not been
systematically examined across domains.

Against this background, the guiding
research questions (RQs) of this work are:

• RQ1: How can FM-based industrial
agents be defined, and what is the cur-
rent maturity of such systems in indus-
trial and industrially relevant research,
including their technology readiness,
application domains, and use cases?

• RQ2: Which system purposes and
capabilities do FM-based agents
exhibit, and how does their func-
tional profile differ from conventional
industrial agent systems?

• RQ3: Which limitations, challenges,
and future work directions are most fre-
quently reported for FM-based agent
systems in industrial contexts?

To address these questions, this work
follows a Preferred Reporting Items for
Systematic Reviews and Meta-Analyses

(PRISMA)-style systematic review
(Section 3). For each included publica-
tion, technology readiness, application
domain, system purposes, capabilities,
reported limitations, and future work
directions are assessed and consolidated.

The main contributions of this work
are threefold. First, it proposes a working
definition of FM-based technical agents
that bridges conventional agent the-
ory, automation-engineering standards,
and the FM paradigm, and evaluates
whether this definition adequately cap-
tures the systems reported in the corpus
(Section 5.1). Second, building on this
definition, it provides a cross-domain syn-
thesis of technological maturity, system
purposes, and capability profiles of FM-
based agents, including a descriptive com-
parison with an established baseline for
industrial agent systems. Third, it con-
solidates recurring limitations and future
work directions into structured themes
that can inform the design, evaluation,
and deployment of FM-based agent sys-
tems in industrial contexts.

2 Related work

This section relates the present work to
three streams of prior research: industrial
software agents and MASs (Section 2.1),
FM-based agents in industrial contexts
(Section 2.2), and existing taxonomies for
purposes and capabilities (Section 2.3).
Section 2.4 introduces the baseline used
for comparative analysis.

2.1 Industrial software agents
and multi-agent systems

Industrial software agents and MASs
have long been studied as a design
paradigm for distributed decision-making
and control in production and related
industrial domains [23]. In conventional
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settings, agent-based approaches are typi-
cally motivated by the need to decompose
complex objectives into locally manage-
able sub-problems (e.g., planning and
scheduling, dispatching decisions, shop-
floor control, and diagnosis and fault
management) and to coordinate these
decisions across heterogeneous resources
under operational constraints [24, 25].
At the same time, industrial applications
impose strong non-functional require-
ments, including determinism, safety, and
real-time suitability, which shape how
autonomy and interaction mechanisms
can be realized in practice [26, 27].

From a conceptual perspective, Rus-
sell and Norvig [28] provide a broad
characterization of an agent as “any-
thing that can be viewed as perceiv-
ing its environment through sensors and
acting upon that environment through
actuators”, a definition that is delib-
erately paradigm-agnostic and accom-
modates both symbolic and subsym-
bolic realizations. Within the more spe-
cific MAS tradition, Wooldridge [1]
emphasizes autonomous action, reactiv-
ity, and coordination among multiple
entities, including interaction patterns
such as negotiation where applicable.
In industrial survey work, these con-
ventional expectations are operational-
ized as concrete purposes and capabilities
that can be evidenced from application
reports in production contexts [2]. Tra-
ditional applications include, for exam-
ple, heuristics-based decentralised pro-
cess planning and scheduling as well as
controlling resources and diagnosis tasks
on the shop floor [25].

2.2 Foundation-model-based
agents in industrial
contexts

Recent FM-based industrial agent sys-
tems build on these foundations but
often repurpose them towards assistive
and decision-support-centric roles (e.g.,
maintenance decision support or manu-
facturing assistance) rather than towards
fully decentralised negotiation-heavy con-
trol [8, 9, 19]. FMs, and in particular
LLMs, provide generic language under-
standing and generation capabilities that
can be adapted to various downstream
tasks [29]. In industrial and industri-
ally relevant agent systems, LLMs are
commonly integrated as central cogni-
tive components that (i) interpret human
instructions and contextual information,
(ii) generate plans or recommenda-
tions, and (iii) orchestrate tool-mediated
actions by interacting with external soft-
ware components (e.g., databases, simu-
lation models, code generators, or domain
services) [30]. A recurring architectural
pattern is to complement LLMs with
explicit grounding mechanisms such as
Retrieval-Augmented Generation (RAG)
to improve factuality and to con-
nect agent decisions to domain-specific
knowledge sources [10]. Ren et al.
[6] also emphasize that industrial tasks
also depend on the joint interpretation
of, e.g., enterprise data, maintenance
records, sensor streams, and machine-
vision inputs, which is why multimodal
LLM-based agents are increasingly dis-
cussed as a relevant architectural exten-
sion that supports context-aware percep-
tion, diagnosis, and decision support.

Prior work has noted limitations
related to robustness, reliability, and
external validity, particularly when LLMs
are used for decision-making under
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incomplete information or when gener-
ated outputs must be executable in tech-
nical systems. Practical constraints such
as latency, cost, and integration effort are
also discussed [8, 9, 19, 31].

2.3 Taxonomies for purposes,
properties, and
capabilities

Systematic comparison across agent sys-
tems requires a representation that
separates what a system is intended
to achieve from how it achieves it.
Müller et al. [32] characterise industrial
autonomous systems through four higher-
level dimensions—systematic process exe-
cution, adaptability, self-governance, and
self-containedness—and relate these to
lower-level abilities such as learning abil-
ity, decision-making capacity, cooperabil-
ity, reactivity, and self-explanation. Since
these relations are many-to-many rather
than one-to-one, their framework sug-
gests that higher-level system qualities
should be analysed separately from the
concrete functional means by which they
are realised. Kaber [33] provides an
additional conceptual basis for separat-
ing higher-level system qualities from
concrete functionality by distinguishing
automation from autonomy. Rather than
treating autonomy as a higher level
of automation, he defines it through
three conditions—viability, independence,
and self-governance—and further opera-
tionalises the distinction in terms of the
demands a system places on its environ-
ment, human collaborators, and task pro-
tocols. In this work, the analysis follows
the purpose–property–capability framing
employed by Reinpold et al. [2], which
builds on the work by Müller et al. [32].
In this framing, system purposes describe
operational goal categories (e.g., plan-
ning, scheduling, control, monitoring,

user assistance), capabilities describe con-
crete functional skills evidenced by the
system (e.g., interaction, communication,
coordination, reasoning), and properties
aggregate capability evidence into higher-
level dimensions that support corpus-
level comparison (see Section 3.1 for the
working definition used in this review).
This distinction is particularly useful for
FM-based agent systems because LLMs
can simultaneously shift the operational
emphasis towards assistive purposes and
affect the evidencing of capabilities such
as human interaction and uncertainty
handling.

2.4 Baseline for comparative
analysis

Reinpold et al. [2] systematically com-
pare industrial software agents and Dig-
ital Twins (DTs) in production contexts
through a PRISMA-aligned literature
review covering 145 publications. Their
work provides the purpose and capa-
bility taxonomy adopted in this review
(see Section 2.3) together with composite
scores that summarize capability profiles
at property level, thereby establishing a
quantitative reference point for corpus-
level comparison. Given the different tem-
poral scopes of the two reviews, with
Reinpold et al. [2] largely predating the
broad adoption of FMs in industrial agent
research, substantial overlap between the
two corpora is unlikely, and the two
studies can be viewed as largely com-
plementary samples of conventional and
FM-based agent research, respectively.

In this work, Reinpold et al. [2] is
used as a baseline for descriptive compar-
ison, enabling the computation of com-
parable coverage profiles and differences
in percentage points. Differences in cor-
pus composition and inclusion criteria
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between the two studies should be con-
sidered when interpreting the comparison
(see Section 5.3).

3 Method

This work follows the PRISMA 2020
guideline for systematic literature reviews
[34] and adapts it to the analysis of FM-
based agent systems in industrial and
industrially oriented research. The pro-
cedure comprises the standard PRISMA
stages of (1) identification of potentially
relevant records via a structured multi-
database query and (2) relevance filtering
according to predefined eligibility crite-
ria, followed by (3) a consolidation step in
which the resulting corpus is transformed
into a consistent, machine-readable rep-
resentation for quantitative analysis.

3.1 Working definition

Agents have a long-standing history
within academia [1]. While these classi-
cal foundations provide the essential basis
for this review, the modern literature
often uses the term “agent” interchange-
ably with related concepts such as agentic
workflows or simply “LLMs”. To main-
tain a clear scope, this work distinguishes
its focus from these adjacent terms and
provides a working definition that is
(i) grounded in established agent con-
cepts, (ii) compatible with automation-
engineering notions of technical agents,
and (iii) explicit about what it means for
a system to be “FM-based”.

In the agent literature, Wooldridge
[1] defines an agent as “ a computer sys-
tem that is situated in some environ-
ment, and that is capable of autonomous
action in this environment in order
to meet its design objectives”. In the
context of automation engineering, the

VDI/VDE 2653 guideline defines a tech-
nical agent as “ an encapsulated hardware
or software entity with specified objec-
tives regarding the control of a technical
system or a part thereof” [13]. Founda-
tion models, in turn, are characterized as
models “ trained on broad data (gener-
ally using self-supervision at scale) that
can be adapted (e.g., fine-tuned) to a
wide range of downstream tasks” [29].
According to Ren et al. [6], systems with
high degrees of autonomy that use these
FMs exhibit capabilities such as seman-
tic retrieval and context-awareness, adap-
tive reasoning, and autonomous decision-
making, which includes the realisation
of selected actions, i.e. influencing the
actual process.

Combining these streams and con-
cepts, the following definition is proposed
that guides the focus of this work:

Working definition used in this
review

A foundation-model-based
industrial agent is an encapsulated
hardware or software entity acting in
the context of an industrial system
that is capable of autonomous action
in order to meet its specified design
objectives, and that uses a founda-
tion model as a central component
for context interpretation, decision-
making, as well as action selection
and execution.

Throughout the review, each category
is assessed based on paper-level evidence:
if the publication does not provide suffi-
cient detail, the corresponding category is
treated as not evidenced.
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3.2 Data sources and search
strategy

Records were retrieved from four bibli-
ographic and preprint sources: Scopus,
Semantic Scholar, arXiv, and Ope-
nAlex. The search covered publications
from 2020 onwards and targeted LLMs
and related FMs in agent or multi-agent
settings within industrial and industrially
relevant domains, including manufactur-
ing, logistics, energy systems, and the
engineering life cycle (product develop-
ment and process engineering), as well
as cross-domain functionalities such as
maintenance, quality management, and
Human–Machine Interaction (HMI). The
core query combined (i) terms for LLMs
and FMs, (ii) terms for agents and MASs,
and (iii) terms for industrial contexts.
Across all sources, 3025 valid results and
2341 unique records were obtained.

The composite search query is shown
in Table 1. The search and export were
executed on September 8, 2025.

3.3 Screening and eligibility

Eligibility is defined at the level of indi-
vidual publications. A record is included
if it meets all of the following criteria:

1. The publication describes a concrete
application, implementation, or case
study (not a purely conceptual contri-
bution, high-level vision paper, survey,
or review without practical realisation
or empirical results).

2. The system uses one or more LLMs,
MLLMs, or related FMs for control
or decision-making within an agent or
agent-based architecture.

3. The application context is industrial
or industrially relevant, covering the
above-mentioned domains, engineer-
ing life cycle phases, or cross-domain
functionalities.

Given the size of the initial corpus,
the title and abstract screening was sup-
ported by an LLM, which assigned each
record a relevance score against the eli-
gibility criteria stated above. The inclu-
sion threshold was calibrated on manually
annotated samples, and a subset of below-
threshold records was reviewed manually
to control for false negatives. Records
above the threshold were forwarded to
full-text assessment, where final eligibility
was determined by the authors.

After title and abstract screening, a
full-text assessment determines whether
the use of an agent or MAS qualifies as
a foundation-model-based technical agent
according to the working definition in
Section 3.1. At this stage, publications
that constitute surveys or reviews with-
out an original application contribution
were excluded. The remaining full texts
were assessed against the working defini-
tion, verifying that the system exhibits
autonomous behaviour, beyond pure text
generation and that a FM is involved
in the decision loop (e.g., interpreting
context, planning, selecting actions, or
orchestrating tool calls).
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Table 1 Search query used for multi-database retrieval. The query is composed of three
conceptual blocks connected by Boolean and.

Block Terms

FM/LLM "LLM" OR "large language model*" OR "foundation model*" OR

"generative AI" OR "agentic AI" OR AI OR "Diffusion Model" OR

"Vision Language Action Model" OR VLA OR "vision-language-action

model" OR "World Model"

Agent agent OR "intelligent agent" OR "multi-agent system" OR MAS

Industrial
context

industr* OR manufactur* OR production OR factory OR shopfloor

OR automat* OR logistic* OR mainten* OR quality OR "process

engineering" OR "process industry" OR energy OR "energy system*" OR

develop* OR "human-machine interaction" OR HMI OR "cyber-physical

system*" OR "Simulation Model"

Identification
Records identified
across all sources

n = 3,025

Screening
Unique

records after
deduplication
n = 2,341

Eligibility
Records

screened for
relevance

(title/abstract)

Included
Studies included in
the final corpus

n = 88

Excluded (n = 2,253)

• No industrial or indus-
trially relevant context

• Conceptual only, no
implementation

• Review or survey with-
out application

Fig. 1 PRISMA-style flow of records for the
identification, screening, and inclusion of publi-
cations on FM-based agent systems in industrial
and industrially relevant contexts.

The overall identification, screening,
and inclusion process is summarized in
the PRISMA flow diagram in Figure 1.
The title and abstract screening have
been supported by an AI tool chain, i.e.
an LLM was used to assess the prob-
ability of a title matching the above-
stated criteria. Afterwards, the thresh-
old has been determined by looking at

different samples, resulting in a corpus
comprising N = 88 included publica-
tions. By publication type, conference
papers dominate (49/88, 55.7%), followed
by preprints (20/88, 22.7%) and jour-
nal articles (19/88, 21.6%). Nearly all
publications date from 2024 (38/88) or
2025 (42/88), confirming that FM-based
agent systems in industrial contexts are a
rapidly emerging research area.

3.4 Taxonomies and
operationalization

Following the purpose–property–
capability framing introduced in
Section 2.3, this work adopts the tax-
onomy of Reinpold et al. [2] to enable
a transparent and comparable char-
acterization of agent systems across
publications.

Based on this distinction, each
included publication is mapped to a
fixed taxonomy of operational purposes
(planning, scheduling, dispatching, con-
trol, diagnosis and fault management,
user assistance, monitoring, virtual com-
missioning, and process optimisation).
In addition, reported system capabilities
are classified according to the capability
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taxonomy and aggregated into higher-
level property dimensions (sociability,
autonomy, intelligence, and fidelity) to
support corpus-level comparison. Clas-
sification is performed at paper level:
each category is marked as supported if
explicit textual evidence is provided in
the publication, and as not evidenced
otherwise. Because a single system can
serve multiple operational goals and
exhibit multiple capabilities, purpose
and capability assignments are treated
as multi-label indicators.

3.5 Comparative analysis and
aggregation

Comparative analysis against the base-
line survey [2] is performed in a descrip-
tive manner. Using the shared taxonomy,
relative occurrence shares are compared
by reporting differences in percentage
points. Higher-level property dimensions
are computed as weighted averages of
the underlying capability indicators, fol-
lowing the weighting scheme defined by
Reinpold et al. [2]. Reported limitations
and future work directions are grouped
into thematic categories.

4 Results

This section details the results of the cor-
pus analysis (N = 88), structured along
the three research questions introduced
in Section 1. Section 4.1 addresses RQ1
by establishing the descriptive statis-
tics of the field, focusing on Technology
Readiness Levels (TRLs) and applica-
tion domains. Section 4.2 addresses RQ2
through a comparative analysis of sys-
tem purposes and capabilities. Finally,
Section 4.3 addresses RQ3 by consolidat-
ing the reported limitations and future
work directions.

4.1 Technological maturity
and application domains

Addressing RQ1, this section charac-
terises the technological maturity of the
corpus along the TRL scale and its dis-
tribution across application domains.

Research (TRL 1 3)

Development (TRL 4 6)

Deployment (TRL 7 9)

TRL band

0

20

40

60

Sh
ar

e 
of

 p
ub

lic
at

io
ns

 (%
)

Fig. 2 Aggregated technology readiness lev-
els (TRL bands) of FM-based technical agents
across the corpus.

Technology readiness is assessed using
the nine-level TRL scale [35], aggregated
into three bands: research (TRL 1–3,
basic principles to proof of concept),
development (TRL 4–6, laboratory val-
idation to demonstration), and deploy-
ment (TRL 7–9, system prototype to
operational use).

As shown in Figure 2, research-
stage contributions (TRL 1–3) account
for only 14/88 (15.9%). This low share
should be read in light of the inclu-
sion criteria (Section 3.3), which require
a concrete application, implementation,
or case study and therefore tend to
filter out purely conceptual contribu-
tions. Beyond this, the relatively high
share of TRL 4+ systems suggests
that laboratory-stage prototypes are
commonly reached and feasible with
FM-based approaches. Accordingly, the
majority of reported systems fall into
the development band (TRL 4–6; 66/88,
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75.0%), indicating that most contri-
butions present laboratory prototypes
or early-stage validations. Deployment-
oriented evidence (TRL 7–9), however,
remains rare (8/88, 9.1%), showing that
despite the ability to quickly develop lab-
scale demonstrators, the step to deploy-
ment in operation is more difficult and
has rarely been achieved.

To characterize the industrial land-
scape addressed by the corpus, each pub-
lication is assigned to one of four appli-
cation domains. The first three domains
are inspired by the application scenarios
of Plattform Industrie 4.0 [36]; the fourth
was added inductively to accommodate
energy systems, IT operations, and trans-
portation use cases that fall outside the
original manufacturing-centric scope:

Production & Manufacturing Control
covers planning, control, and optimisa-
tion of production and manufacturing
processes.
Logistics & Supply Chain covers coordi-
nation, decision support, and automation
in logistics and supply chain operations.
Engineering & Design Automation
covers technical development, simula-
tion, design automation, and engineering
workflows.
Industrial Operations & Networks
covers energy systems, grid and network
operations, IT and cloud operations,
transportation, and cross-domain
industrial decision support.

As shown in Figure 3, the largest clus-
ter is Industrial Operations & Networks
(34/88, 38.6%), covering power grid oper-
ation and voltage control [37–42], energy
management and charging infrastruc-
ture [43–46], cloud and IT operations [47–
51], transportation and autonomous vehi-
cles [52–54], building management [55,
56], telecommunications [57, 58], and

38.6%
(n=34)

31.8%
(n=28)

21.6%
(n=19)

8.0%
(n=7)

Industrial Operations
& Networks (34)
Engineering &
Design Automation (28)
Production &
Manufacturing Control (19)
Logistics &
Supply Chain (7)

Fig. 3 Distribution of application domains
across the corpus (N = 88).

cross-domain decision support for indus-
trial knowledge systems [59–69]. The
second-largest cluster is Engineering
& Design Automation (28/88, 31.8%),
including electronic design automation
and analog circuit layout [70–74], com-
putational simulation and modelling [75–
79], product and mechanical design [80–
85], process automation and knowledge-
assisted workflows [86–94], and mainte-
nance decision support and risk assess-
ment [95–97]. Production & Manufactur-
ing Control accounts for 19/88 papers
(21.6%), spanning shop-floor control and
multi-agent manufacturing systems [98–
104], robotic manipulation and human–
robot collaboration [105–107], semicon-
ductor manufacturing [108, 109], process
planning [110–112], predictive mainte-
nance [113], mining [114], agricultural
data management [115], and materi-
als discovery and industrial applica-
tions [116, 117]. Finally, Logistics &
Supply Chain forms a smaller but dis-
tinct group (7/88, 8.0%), addressing
fleet dispatching [20], warehouse man-
agement [118], heterogeneous multi-agent
coordination for delivery and rescue [119–
122], and procurement [123].
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4.2 System purposes and
capabilities

Addressing RQ2, this section compares
the purpose and capability profile of FM-
based agents with the baseline survey [2].

0 10 20 30

Occurrence rate (%)

User assistance

Process optimisation

Monitoring

Diagnosis and fault management

Control

Planning

Scheduling

Dispatching

Virtual commissioning

This review Reinpold et al.

Fig. 4 Relative occurrence of system purposes
in the coded corpus compared to the reference
taxonomy from Reinpold et al. [2].

Figure 4 compares the purpose pro-
file of FM-based agents with the baseline
survey [2]. Because each publication may
serve multiple operational goals, pur-
poses are coded as multi-label indicators;
the corpus yields 230 purpose assign-
ments in total. User assistance accounts
for the largest share (71 assignments,
30.9%), whereas it is absent in the base-
line (+30.9 pp). This indicates a notable
shift in the orientation of agent-based
applications. Classical agent surveys have

not reported user assistance as a sys-
tem purpose. The integration of FMs into
industrial agents appears to have enabled
this category, thereby enlarging the set of
applications that can be addressed. Pro-
cess optimisation (37 assignments, 16.1%;
baseline 3.4%) and monitoring (36 assign-
ments, 15.7%; baseline 8.5%) follow as the
second and third most frequent purposes.
Here as well, a considerable increase in
the utilisation of agent-based systems
is observed. Note that process optimi-
sation here refers to the improvement
of resource design and performance, not
to the application of, e.g., optimisation
heuristics to optimize a whole production
process [2]. The findings imply a conver-
gence of the agent and DT paradigm as
traditionally, these purposes have largely
been fulfilled by DT applications [2]. It
appears that FMs enable agents to pro-
cess and leverage domain-specific infor-
mation, thus facilitating their use for
these knowledge-intensive applications.

Conversely, conventional production-
control purposes are markedly less
prominent than in the baseline. Plan-
ning drops from 35.6% to 6.5% (15
assignments), scheduling from 15.3% to
4.8% (11), and dispatching from 13.6%
to 4.3% (10). Here, classical heuris-
tics and optimisation-focused approaches
have been more pronounced. A possi-
ble reason for this drop in the num-
ber of planning-oriented approaches with
FM-based agents is the limited relia-
bility of agents with FMs (Figure 7)
due to hallucinations and instabilities.
Control accounts for 23 assignments
(10.0%; baseline 15.3%); while the abso-
lute number of control-related papers is
comparable, its relative share decreases
because the overall set of purpose assign-
ments is larger due to the emergence
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of new purposes such as user assis-
tance. Diagnosis and fault manage-
ment (24 assignments, 10.4%; baseline
13.6%; −3.1 pp) and virtual commission-
ing (2, 0.9%; baseline 0.0%; +0.9 pp)
are retained at near-baseline levels,
indicating that knowledge-intensive and
verification-oriented purposes are pre-
served in FM-based systems, unlike the
sharper decline in planning, scheduling,
and dispatching.

Overall, the purpose profile indi-
cates a repositioning of agent func-
tionality from embedded, optimisation-
centred production control towards assis-
tive, monitoring-oriented roles.

The capability profile in Figure 5
reveals both continuities and marked
shifts relative to the baseline. The
most frequently evidenced capabilities
are encapsulation (88/88, 100%; set
to supported by design, as the work-
ing definition requires encapsulated enti-
ties and the prompt-based interaction
paradigm inherently hides internal states,
see Section 5.1), decision-making (80/88,
90.9%), reactivity (79/88, 89.8%), con-
text awareness (74/88, 84.1%), external
system communication (73/88, 83.0%),
and coordination (60/88, 68.2%). Within
this set of capabilities, the findings indi-
cate a similar yet more pronounced
capability pattern compared to classical
industrial agents, where these capabilities
are likewise the most frequently reported.
Condition monitoring (28/88, 31.8%),
robustness and resilience (30/88, 34.1%),
prioritisation (25/88, 28.4%), and mobil-
ity (1/88, 1.1%) also show no major
differences to the baseline. The similar
score in robustness and resilience, i.e. the
capability to react to disturbances and
disruptive events, can be attributed to
similar vulnerabilities within both archi-
tectural paradigms: in neither case do

the majority of reported systems demon-
strate graceful degradation or continued
operation under partial component fail-
ure. It should be noted that the results
reflect the empirical evidence reported in
the publications, not the potential capa-
bilities of the systems.

Marked differences emerge in capa-
bilities that are directly enabled by
FMs. Human interaction (58/88, 65.9%;
+37.1 pp) marks the largest positive devi-
ation, which is expected as FMs, espe-
cially LLMs, provide a much more acces-
sible human–machine interface through
interacting with the user in natural lan-
guage. Dealing with uncertainty (37/88,
42.0%; +35.3 pp) shows the second-
largest increase, indicating that FMs
enable agents to reason and act under
incomplete or ambiguous information, a
capability that classical rule-based and
optimisation-driven agents rarely exhibit.
Adaptivity (49/88, 55.7%; +23.5 pp),
learning (37/88, 42.0%; +20.0 pp), and
proactivity (26/88, 29.5%; +14.3 pp)
are likewise substantially more preva-
lent, implying that FMs as a data-
driven approach, provide the techno-
logical means to enable these complex
capabilities. Visualisation (34/88, 38.6%;
+23.4 pp) and simulation (29/88, 33.0%;
+12.6 pp), capabilities commonly asso-
ciated with DTs, can be found more
often in FM-based approaches, where tool
and model access is facilitated by stan-
dardised interfaces such as Model Con-
text Protocol (MCP). Flexibility (57/88,
64.8%) and co-operation (48/88, 54.5%)
remain at comparable levels to the base-
line.

Interestingly, real-time capability
(27/88, 30.7%; +15.4 pp) scores higher
in FM-based approaches. Here, real-time
capability refers to the ability to react
under tight temporal restrictions, not
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Fig. 5 Capability coverage of FM-based agent systems in this work compared with Reinpold et al.
[2].

necessarily hard real-time constraints.
The latter requires further investigation
into the actual hard-real-time capabilities
of these systems.

Notably, classical approaches score
considerably higher in synchronisation
(11/88, 12.5%; −9.5 pp) and especially
negotiation (3/88, 3.4%; −39.0 pp). Syn-
chronisation, i.e. the capability to react
to changes in the system and update
the agent’s internal model, has been
more prominent in classical approaches,
likely because many optimisation algo-
rithms require a synchronised model of
the underlying system. The major dif-
ference in negotiation corresponds to the
shift in application focus identified in the

purpose analysis, showcasing the transi-
tion from negotiation-based optimisation
heuristics to a more user-centric, assistive
paradigm. The typically small number
of agents observed in the corpus may
additionally reduce the opportunities for
negotiation by construction.

The composite score comparison in
Figure 6 aggregates these capability-
level observations into higher-level prop-
erty dimensions, following the weighting
scheme defined in Reinpold et al. [2].
Autonomy (median 0.50 vs. 0.42, +0.08),
intelligence (median 0.48 vs. 0.40, +0.08),
and fidelity (median 0.28 vs. 0.17, +0.11)
are consistently higher in this work.
Sociability, by contrast, shows a lower
median (0.55 vs. 0.64, −0.09), which is
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Fig. 6 Composite scores for sociability, autonomy, intelligence, and fidelity comparing this work
with Reinpold et al. [2].

consistent with the reduced negotiation
capability identified above.

4.3 Limitations and future
work

Addressing RQ3, this section consolidates
the most frequently reported limitations
and future work directions across the
corpus.

Figure 7 summarises the most fre-
quently reported limitation themes across
308 total limitation mentions. Limited
generalisation and real-world validity is
the dominant concern (44 mentions,
14.3%). This theme subsumes simulation-
only evaluations, proof-of-concept scope,
and restricted domain coverage: many
systems are validated in controlled lab-
oratory settings, on narrow benchmarks,
or in single-site case studies, leaving
open how well they transfer to differ-
ent operational conditions or industrial
environments. This finding is consistent
with the TRL distribution reported in
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Privacy And Security Risks

Fig. 7 Top limitation themes for FM-based
agent systems in industrial and industrially rel-
evant settings, measured by the share of papers
in which each theme is reported.
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Section 4.1, where the majority of sys-
tems remain at development stage. Hallu-
cination and instability (33, 10.7%) ranks
second and encompasses not only factual
hallucinations but also non-deterministic
behaviour across repeated runs, numeric
and logical errors, and the generation of
non-executable outputs. Data quality and
scarcity (33, 10.7%) captures domain-
specific data deficits, reliance on syn-
thetic or biased datasets, and challenges
in obtaining accurate system parame-
ters. Costs of compute and latency (29,
9.4%) completes the top cluster and
reflects inference latency, high computa-
tional cost, and limited scalability under
concurrent workloads.

The remaining themes point to
integration-layer and governance chal-
lenges. Prompt sensitivity (22, 7.1%)
highlights the brittleness of natural-
language-mediated control: model
behaviour is highly sensitive to prompt
phrasing and ordering, decoding param-
eters, and formatting conventions,
often requiring handcrafted or few-shot
prompts and additional guardrails to
produce valid and stable outputs. Inte-
gration and tooling (20, 6.5%) addresses
the complexity of retrofitting FMs
into industrial toolchains, including
vendor dependencies, format conver-
sions between simulation, CAD, or
DT data and natural-language repre-
sentations, and inconsistent interfaces
across automation layers. Tool use and
executability (17, 5.5%) is a related
but distinct concern: FM-based agents
frequently misuse tools or APIs, gen-
erate syntactically invalid code or
structured outputs (e.g., JSON, SQL,
domain-specific languages), and produce
non-executable plans that require verifi-
cation and retries. Privacy and security
risks (16, 5.2%) round out the profile and

encompass data leakage through model
queries, dependence on external API
providers, and vulnerability to prompt
injection and adversarial manipulation of
FM-based decision loops.
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Fig. 8 Top future work themes for FM-based
agent systems, measured by the relative share of
papers mentioning each theme.

The future-work distribution in
Figure 8 is based on 98 total men-
tions and mirrors the limitation profile.
Model tuning and open-source mod-
els (13, 13.3%) leads the ranking; this
theme covers domain-specific adapta-
tion through fine-tuning, distillation,
or open-weight alternatives, as well as
calls for locally runnable models and
public artifact releases. Evaluation and
benchmarking (12, 12.2%) addresses the
external-validity gap through shared
benchmarks, multi-criterion validation
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frameworks (combining expert evalua-
tion, consistency analysis, and functional
accuracy), user studies, and broader
evaluation scopes. Deployment and scale-
up (11, 11.2%) calls for transitioning
proofs-of-concept to real operational
environments, broadening coverage
across geographic regions and application
domains, and enabling enterprise-level
integration. Multi-agent orchestration
(8, 8.2%) indicates ongoing interest
in advancing coordination strategies,
domain-specialised agent roles, and
adaptive orchestration mechanisms.

The remaining future-work themes
address trustworthiness and infrastruc-
ture. Human oversight and feedback (7,
7.1%) proposes structured approaches
to balance agent autonomy with oper-
ational safety, including dynamic confi-
dence thresholds, human review gates,
and explicit feedback loops for in- and
out-of-the-loop designs. Safety, robust-
ness and security (7, 7.1%) encompasses
verification and observability mecha-
nisms, robustness to adversarial prompt
perturbations, privacy protections, and
methods for interpretable and trust-
worthy decision-making. Data genera-
tion and datasets (7, 7.1%) calls for
physics-based or synthetic data genera-
tion, broader and more diverse bench-
mark datasets, and automated data
ingestion pipelines to overcome the data
scarcity identified above. Retrieval and
tool augmentation (6, 6.1%) advocates
strengthening agent reasoning and cor-
rectness through domain-specific RAG,
integration of external computation tools
and data sources, and structured context
provision. As with limitations, mention
frequency should not be equated with
practical severity, since papers differ sub-
stantially in reporting depth and focus.

5 Discussion

Across the corpus, the evidence base
for FM-based technical agents in indus-
trial and industrially relevant settings
is characterised by prototype-oriented
contributions and early-stage validation,
while reports of operational deployments
remain comparatively rare (RQ1). In
terms of operational goals, most sys-
tems focus on user-assistance, monitor-
ing, and resource-related process opti-
misation rather than in conventional
production-control roles such as dispatch-
ing, scheduling, and planning (RQ2).
Consistent with this purpose profile, the
reported capability coverage emphasizes
context handling, decision support, inter-
action, and communication with external
tools and systems, whereas conventional
multi-agent mechanisms such as negotia-
tion are less frequently evidenced. Finally,
the most frequently reported limitations
and future-work directions point to prac-
tical deployment barriers and trustwor-
thiness concerns: external validity and
evaluation scope, reliability (including
instability and hallucination), data con-
straints, latency and cost, and challenges
at the interface between FMs and indus-
trial automation infrastructures (RQ3).

5.1 Adequacy of the working
definition

The working definition introduced in
Section 3.1 requires (i) encapsulation and
specified objectives in an industrial con-
text, (ii) autonomous action beyond pure
text generation, and (iii) an FM as a
central component for decision-making
and action selection. The corpus-level
results allow a retrospective assessment
of whether this three-part criterion ade-
quately captures the systems reported in
the literature.

18



The capability profile (Figure 5)
supports the definition’s emphasis on
encapsulation, decision-making, and
autonomous action: encapsulation,
decision-making capability, and reac-
tivity are evidenced in over 90% of the
included systems, and external system
communication, a proxy for actionable
tool use beyond text output, exceeds
80%. Context awareness is similarly
prevalent, indicating that the included
systems do not merely generate text but
actively interpret situational information
to select actions. These observations
support the view that criterion (ii) effec-
tively separates FM-based MAS from
purely generative LLM applications.

The encapsulation and objective cri-
terion (i) is harder to validate empir-
ically, because no publication in the
corpus explicitly discusses encapsulation
as a design property. However, encap-
sulation arguably arises by design in
FM-based agents: external interaction is
mediated exclusively through prompts,
and the internal states, reasoning traces,
and strategy of the model are not directly
accessible to other system components
at runtime. Combined with the preva-
lence of architectures in which individ-
ual agents are assigned distinct roles
and objectives (Section 4.1), this sug-
gests that encapsulation is a de facto
design principle of FM-based agents, not
because authors deliberately engineer it,
but because the prompt-based interaction
paradigm inherently hides internal states
from the external world.

A potential limitation of the defini-
tion concerns its scope: the strong focus
on user assistance and monitoring in
the corpus (Section 4.2) raises the ques-
tion of whether some assistive systems,
for instance conversational knowledge-
retrieval interfaces, satisfy the autonomy
criterion or are better characterised as

interactive tools. The conservative screen-
ing applied in this work mitigates this
risk by requiring autonomous behaviour,
but borderline cases remain. Future work
could refine the autonomy threshold,
for example by distinguishing degrees of
autonomy along established taxonomies.

5.2 Implications for research
and practice

For industrial deployment, the observed
maturity distribution and the limitation
profile suggest that integration, latency,
and safety assurance are currently key
bottlenecks. In particular, the recurrent
focus on tool use, executability, and inter-
action with existing automation layers
indicates that many systems are not lim-
ited by the underlying FM alone, but
by the end-to-end engineering of reli-
able action execution and monitoring in
production environments.

For evaluation, the predominance
of early-stage evidence and the strong
future-work emphasis on benchmark-
ing and validation highlight the need
for more consistent reporting and more
deployment-near evaluation setups. In
addition to task-level performance, eval-
uation should explicitly cover robust-
ness, failure modes, and operational con-
straints (e.g., latency, compute costs, and
data availability) that are decisive in
industrial contexts.

For agent architecture design,
the capability profile points to
language-mediated interaction and
knowledge-intensive reasoning as
prominent value propositions, while
negotiation- and synchronisation-heavy
MASs patterns appear less central in the
current corpus. This suggests that practi-
cal designs often rely on tool-augmented,
workflow-integrated architectures with
explicit grounding, observability, and
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human oversight rather than on fully
decentralised negotiation protocols.

5.3 Threats to validity

This work is subject to selection effects
and coverage bias induced by the cho-
sen data sources, query formulation, and
the focus on publications from 2020
onwards. In addition, the screening pro-
cedure is intentionally strict with respect
to excluding purely conceptual work; con-
sequently, the resulting corpus reflects
research that reports implementations or
case studies and may under-represent
design-only contributions which, even
though they lack empirical proof, still
might provide valuable insights into exist-
ing capabilities.

Two selection effects at opposite
ends of the TRL scale may influence
the maturity distribution reported in
Section 4.1. At the lower end, contri-
butions at TRL 1–3 are likely under-
represented because the inclusion criteria
(Section 3.3) require a concrete appli-
cation, implementation, or case study;
purely conceptual work, position papers,
and early theoretical proposals are not
considered. Early-stage research on FM-
based agent concepts that has not yet
been accompanied by an implementation
is therefore not reflected in the corpus,
even if such work exists in the litera-
ture. At the upper end, systems operating
at higher readiness levels in industrial
practice may not always be reported in
scientific publications, for instance due
to intellectual property concerns, confi-
dentiality agreements, or weaker publish-
ing incentives for industrial practitioners
once a system has left the prototype
stage. The TRL distribution can there-
fore be understood as reflecting the matu-
rity landscape as visible in the scientific

literature under the applied inclusion cri-
teria, which should be kept in mind when
interpreting the observed shares at the
extremes of the scale.

Coding ambiguity is a second threat
to validity. The analysis is generally
performed at paper level and relies on
explicit evidence in publications. One
exception is encapsulation, which is set
to supported for all included systems by
design rather than by textual evidence
(see Section 5.1). If a paper omits archi-
tectural detail, a capability or purpose
may be present in the implemented sys-
tem but not evidenced for coding. Con-
versely, some categories may be described
as intended functionality without strong
empirical validation. These issues are par-
ticularly relevant for maturity (TRL)
assessments, which are often inferred
from evaluation descriptions rather than
stated explicitly. A related concern refers
to the coding of real-time capability: sev-
eral publications declare their system or
individual actions as “real-time” with-
out explicitly specifying the temporal
resolution or response-time guarantees.
In some cases, real-time capability is
attributable to specific sub-components
(e.g., sensor-based monitoring modules)
rather than to the FM-based agent itself.
These claims were accepted at face value
during coding, which may lead to an over-
estimation of real-time capability in the
corpus. This coding ambiguity reflects
a broader validity challenge in empiri-
cal synthesis: conclusions depend on the
completeness, operational clarity, and tri-
angulation of the reported evidence, while
omitted detail may weaken the basis for
stronger inferences [124].

The descriptive comparison against
the baseline survey [2] is limited by
differences in corpus composition, inclu-
sion criteria, and reporting depth. The
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baseline covers industrial software agents
and DTs broadly, whereas this work
focuses specifically on FM-based tech-
nical agents. In addition, differences in
reporting depth and evidence opera-
tionalisation can affect whether a capa-
bility or purpose is counted as supported.
Although the same purpose–capability
framing is used, observed differences can-
not solely be attributed to the FM inte-
gration but might also stem from corpus-
dependent coverage deviations.

Finally, the quantitative synthesis is
largely based on mention frequencies and
paper-level counts. Mention frequency
does not necessarily correspond to prac-
tical severity or importance: papers differ
in reporting depth and focus, and, for
example, a limitation theme can be deci-
sive for deployment even if it is mentioned
infrequently.

5.4 Outlook

Based on the consolidated limitation
and future-work themes, immediate next
steps should include (i) more deployment-
near evaluations and longitudinal studies
that move beyond prototype evidence,
(ii) shared evaluation protocols and
benchmarking frameworks, and report-
ing templates for FM-based agent sys-
tems in industrial contexts, (iii) robust
tool and digital-infrastructure integration
patterns (including monitoring, debug-
ging, and auditability), and (iv) safety-
and security-oriented engineering mea-
sures (e.g., fallback strategies, constraint
enforcement, and governance processes).
In addition, domain-relevant datasets
remain important prerequisites for com-
paring approaches and for improving
external validity across application areas.
Looking at the distribution of applica-
tion domains, logistics and supply chain
appears to have been studied only rarely,

which is another avenue of potential
future work.

Beyond these consolidation-oriented
directions, the results show a particu-
larly interesting dynamic around diag-
nosis and fault management. As noted
in Section 4.2, this purpose is retained
at near-baseline levels (24 assignments,
10.4%; baseline 13.6%; −3.1 pp), unlike
the sharper decline observed for plan-
ning, scheduling, and dispatching. This
persistence is consistent with the capabil-
ity profile of FM-based agents: they can
process and interpret heterogeneous fail-
ure symptoms, parse unstructured main-
tenance logs and operator reports, and
leverage patterns learned during train-
ing about system behaviour and failure
modes to support root-cause identifica-
tion and the determination of adequate
corrective actions. The combination of
context awareness, dealing with uncer-
tainty, and learning, which show the
largest positive deviations relative to the
baseline, aligns conceptually with diag-
nostic tasks. At the same time, the lim-
itations identified in Section 4.3, halluci-
nation, output instability, and inference
latency, remain particularly consequen-
tial for this purpose, since diagnostic
tasks in industrial settings can be safety-
relevant and time-critical. Translating the
observed potential into reliable deploy-
ments therefore represents a promising
direction for future work.

A further research opportunity con-
cerns the systematic analysis of task
decomposition in hybrid agent archi-
tectures. The capability profile shows
that FM-based agents excel in language-
mediated interaction, context interpreta-
tion, and reasoning under uncertainty,
yet conventional algorithmic methods
remain superior for well-defined computa-
tional tasks such as scheduling and path
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planning. A principled investigation into
which sub-tasks genuinely benefit from
FM reasoning and which are better del-
egated to established domain algorithms,
e.g. based on negotiations and established
protocols, would help practitioners design
more efficient architectures that combine
the strengths of both paradigms. Such
an analysis could build on the purpose
and capability dimensions introduced in
this work and extend them with a task-
level granularity that distinguishes gen-
erative, interpretive, and computational
sub-tasks within a single agent workflow.
Moreover, integrating classical and FM-
based agents with the DT paradigm pro-
vides another possibility for investigation.
DTs, that for example exhibit capabili-
ties like simulation and prediction, can
further enhance the spectrum of possible
applications.

6 Conclusion

This work provides a systematic lit-
erature review of FM-based technical
agents in industrial and industrially rel-
evant contexts and synthesizes a cor-
pus of N = 88 publications using
a transparent, evidence-linked coding
scheme. The results indicate that the
reported systems are predominantly eval-
uated at prototype and early validation
stages, with comparatively few publica-
tions providing deployment-oriented evi-
dence (RQ1). Across the corpus, oper-
ational goals are most frequently posi-
tioned in assistive, monitoring, and
resource-related process optimisation-
centric roles, and the reported capabil-
ity profile emphasises interaction, con-
text handling, decision support, and tool-
mediated communication, while conven-
tional negotiation-heavy MASs mech-
anisms are less frequently evidenced

(RQ2). The most widely reported limi-
tations and future work directions high-
light external-validity gaps, reliability
concerns, data constraints, and practical
deployment barriers related to latency,
cost, and system integration (RQ3).
Overall, the proposed coding representa-
tion and comparative framing can serve
as a reusable basis for future surveys
and for more standardised evaluation and
reporting of industrial FM-based agent
systems.
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R., Kruusamäe, K., Pryor, M.:

28

https://doi.org/10.1145/3711896.3737221
https://doi.org/10.1145/3711896.3737221
https://doi.org/10.48550/arXiv.2505.20733
https://doi.org/10.48550/arXiv.2505.20733
https://doi.org/10.1109/etis64005.2025.10961403
https://doi.org/10.1109/etis64005.2025.10961403
https://doi.org/10.3390/drones9030213
https://doi.org/10.3390/drones9030213
https://doi.org/10.1016/j.tre.2025.104142
https://doi.org/10.1016/j.tre.2025.104142
https://doi.org/10.1109/mits.2025.3551736
https://doi.org/10.1109/mits.2025.3551736
https://doi.org/10.48550/arxiv.2403.16809
https://doi.org/10.48550/arxiv.2403.16809
https://doi.org/10.1017/dce.2025.10010
https://doi.org/10.1017/dce.2025.10010
https://doi.org/10.1109/tccn.2025.3548615
https://doi.org/10.1109/tccn.2025.3548615
https://doi.org/10.3390/electronics13132529
https://doi.org/10.3390/electronics13132529


Unlocking underrepresented use-
cases for large language model-
driven human-robot task plan-
ning. Advanced Robotics 38(18),
1335–1348 (2024) https://doi.org/
10.1080/01691864.2024.2366974

[60] Gamage, G., Mills, N., Silva, D.D.,
Manic, M., Moraliyage, H., Jen-
nings, A., Alahakoon, D.: Multi-
agent rag chatbot architecture for
decision support in net-zero emis-
sion energy systems. In: 2024 IEEE
International Conference on Indus-
trial Technology (ICIT), pp. 1–6.
IEEE, (2024). https://doi.org/10.
1109/icit58233.2024.10540920

[61] Chen, R., He, C.: Fostering col-
lective intelligence in cpss: an llm-
driven multi-agent cooperative tun-
ing framework. Frontiers in Physics
13, 1613499 (2025) https://doi.
org/10.3389/fphy.2025.1613499

[62] Wang, S., Liang, C., Gao, Y.,
Liu, Y., Li, J., Wang, H.: Decod-
ing urban industrial complexity:
Enhancing knowledge-driven
insights via industryscopegpt. In:
Proceedings of the 32nd ACM
International Conference on Mul-
timedia, pp. 4757–4765. ACM,
(2024). https://doi.org/10.1145/
3664647.3681705

[63] Su, J., Cardie, C., Nakov, P.:
Adapting fake news detection to
the era of large language mod-
els. In: Findings of the Associa-
tion for Computational Linguistics:
NAACL 2024, pp. 1473–1490. Asso-
ciation for Computational Linguis-
tics, (2024). https://doi.org/10.
18653/v1/2024.findings-naacl.95

[64] Wu, Y., Wang, H., Zhang, Y.,
Li, X., Wu, H., Fan, M., Liu, T.:
Business compliance detection
of smart contracts in electricity
and carbon trading scenarios. In:
2024 IEEE 35th International
Symposium on Software Reli-
ability Engineering Workshops
(ISSREW), pp. 177–178. IEEE,
(2024). https://doi.org/10.1109/
issrew63542.2024.00074

[65] Zhou, R., Yang, Y., Wen, M., Wen,
Y., Wang, W., Xi, C., Xu, G., Yu,
Y., Zhang, W.: Trad: Enhancing
llm agents with step-wise thought
retrieval and aligned decision. In:
Proceedings of the 47th Inter-
national ACM SIGIR Conference
on Research and Development in
Information Retrieval, pp. 3–13.
ACM, (2024). https://doi.org/10.
1145/3626772.3657788

[66] Mai, K., Ghate, N., Lee, J., Beu-
ran, R.: Llm-based fine-grained
abac policy generation. In: Pro-
ceedings of the 11th International
Conference on Information Sys-
tems Security and Privacy, pp.
204–212. SCITEPRESS - Sci-
ence and Technology Publications,
(2025). https://doi.org/10.5220/
0013225500003899

[67] Kalian, A.D., Lee, J., Johannes-
son, S.P., Otte, L., Hogstrand,
C., Guo, M.: Fine-Tuning and
Prompt Engineering of LLMs, for
the Creation of Multi-Agent AI
for Addressing Sustainable Protein
Production Challenges. Preprint
(2025). https://doi.org/10.48550/
arXiv.2506.20598

29

https://doi.org/10.1080/01691864.2024.2366974
https://doi.org/10.1080/01691864.2024.2366974
https://doi.org/10.1109/icit58233.2024.10540920
https://doi.org/10.1109/icit58233.2024.10540920
https://doi.org/10.3389/fphy.2025.1613499
https://doi.org/10.3389/fphy.2025.1613499
https://doi.org/10.1145/3664647.3681705
https://doi.org/10.1145/3664647.3681705
https://doi.org/10.18653/v1/2024.findings-naacl.95
https://doi.org/10.18653/v1/2024.findings-naacl.95
https://doi.org/10.1109/issrew63542.2024.00074
https://doi.org/10.1109/issrew63542.2024.00074
https://doi.org/10.1145/3626772.3657788
https://doi.org/10.1145/3626772.3657788
https://doi.org/10.5220/0013225500003899
https://doi.org/10.5220/0013225500003899
https://doi.org/10.48550/arXiv.2506.20598
https://doi.org/10.48550/arXiv.2506.20598


[68] Chen, X., Zhang, L.: Revolution-
izing Bridge Operation and Main-
tenance with LLM-based Agents:
An Overview of Applications and
Insights. Preprint (2024). https://
doi.org/10.48550/arxiv.2407.10064

[69] Kar, I., Ralte, Z., Shivakumara,
M., Roy, R., Kumari, A.: Agents
are all you need: Elevating trading
dynamics with advanced generative
ai-driven conversational llm agents
and tools. In: 2024 IEEE 9th Inter-
national Conference for Conver-
gence in Technology (I2CT), pp. 1–
6. IEEE, (2024). https://doi.org/
10.1109/i2ct61223.2024.10543356

[70] He, Z., Wu, H., Zhang, X., Yao,
X., Zheng, S., Zheng, H., Yu,
B.: Chateda: A large language
model powered autonomous agent
for eda. In: 2023 ACM/IEEE
5th Workshop on Machine Learn-
ing for CAD (MLCAD), pp. 1–6.
IEEE, (2023). https://doi.org/10.
1109/mlcad58807.2023.10299852

[71] Shen, J., Chen, Z., Zhuang, J.,
Huang, J., Yang, F., Shang, L., Bi,
Z., Yan, C., Zhou, D., Zeng, X.:
Atelier: An automated analog cir-
cuit design framework via multiple
large language model-based agents.
IEEE Transactions on Computer-
Aided Design of Integrated Cir-
cuits and Systems 45(1), 31–
44 (2026) https://doi.org/10.1109/
tcad.2025.3573228

[72] Chang, C.-C., Ho, C.-T., Li, Y.,
Chen, Y., Ren, H.: Drc-coder:
Automated drc checker code gen-
eration using llm autonomous
agent. In: Proceedings of the 2025

International Symposium on Phys-
ical Design, pp. 143–151. ACM,
(2025). https://doi.org/10.1145/
3698364.3705347

[73] Liu, B., Zhang, H., Gao, X., Kong,
Z., Tang, X., Lin, Y., Wang, R.,
Huang, R.: Layoutcopilot: An llm-
powered multiagent collaborative
framework for interactive analog
layout design. IEEE Transactions
on Computer-Aided Design of Inte-
grated Circuits and Systems 44(8),
3126–3139 (2025) https://doi.org/
10.1109/tcad.2025.3529805

[74] Wu, H., Zheng, H., He, Z., Yu, B.:
Divergent Thoughts toward One
Goal: LLM-based Multi-Agent Col-
laboration System for Electronic
Design Automation. Preprint
(2025). https://doi.org/10.48550/
arxiv.2502.10857

[75] Lykov, A., Dronova, M., Naglov,
N., Litvinov, M., Satsevich,
S., Bazhenov, A., Berman, V.,
Shcherbak, A., Tsetserukou, D.:
LLM-MARS: Large Language
Model for Behavior Tree Genera-
tion and NLP-enhanced Dialogue
in Multi-Agent Robot Systems.
Preprint (2023). https://doi.org/
10.48550/arxiv.2312.09348

[76] Xia, Y., Dittler, D., Jazdi, N.,
Chen, H., Weyrich, M.: LLM exper-
iments with simulation: Large Lan-
guage Model Multi-Agent System
for Simulation Model Parametriza-
tion in Digital Twins. Preprint
(2024). https://doi.org/10.48550/
arxiv.2405.18092

[77] Kim, S., Yu, Y., Seo, H.: Arti-
ficial intelligence orchestration for

30

https://doi.org/10.48550/arxiv.2407.10064
https://doi.org/10.48550/arxiv.2407.10064
https://doi.org/10.1109/i2ct61223.2024.10543356
https://doi.org/10.1109/i2ct61223.2024.10543356
https://doi.org/10.1109/mlcad58807.2023.10299852
https://doi.org/10.1109/mlcad58807.2023.10299852
https://doi.org/10.1109/tcad.2025.3573228
https://doi.org/10.1109/tcad.2025.3573228
https://doi.org/10.1145/3698364.3705347
https://doi.org/10.1145/3698364.3705347
https://doi.org/10.1109/tcad.2025.3529805
https://doi.org/10.1109/tcad.2025.3529805
https://doi.org/10.48550/arxiv.2502.10857
https://doi.org/10.48550/arxiv.2502.10857
https://doi.org/10.48550/arxiv.2312.09348
https://doi.org/10.48550/arxiv.2312.09348
https://doi.org/10.48550/arxiv.2405.18092
https://doi.org/10.48550/arxiv.2405.18092


text-based ultrasonic simulation via
self-review by multi-large language
model agents. Scientific Reports
15(1), 12474 (2025) https://doi.
org/10.1038/s41598-025-97498-y

[78] Dong, Z., Lu, Z., Yang, Y.: Fine-
tuning a large language model
for automating computational fluid
dynamics simulations. Theoretical
and Applied Mechanics Letters
15(3), 100594 (2025) https://doi.
org/10.1016/j.taml.2025.100594

[79] Jia, M., Cui, Z., Hug, G.: Enhanc-
ing llms for power system simu-
lations: A feedback-driven multi-
agent framework. IEEE Trans-
actions on Smart Grid 16(6),
5556–5572 (2025) https://doi.org/
10.1109/tsg.2025.3589114

[80] Liu, J., Lin, F., Li, X., Lim,
K.H., Zhao, S.: Physics-Informed
Autonomous LLM Agents for
Explainable Power Electronics
Modulation Design. Preprint
(2024). https://doi.org/10.48550/
arxiv.2411.14214

[81] Lin, J., Zhao, D., Lu, S., Li, R.,
Xu, X., Wang, Z., Li, W., Ji, Y.,
Zhang, C., Shi, L., Jin, X., Gao,
H., Wang, G.: Conversational large-
language-model artificial intelli-
gence agent for accelerated syn-
thesis of metal–organic frame-
works catalysts in olefin hydrogena-
tion. ACS Nano 19(26), 23840–
23858 (2025) https://doi.org/10.
1021/acsnano.5c04880

[82] Ataei, M., Cheong, H., Grandi,
D., Wang, Y., Morris, N., Tessier,
A.: Elicitron: A framework for
simulating design requirements

elicitation using large language
model agents. In: Volume 3B: 50th
Design Automation Conference
(DAC), pp. 03–03056. American
Society of Mechanical Engineers,
(2024). https://doi.org/10.1115/
detc2024-143598

[83] Du, C., Nousias, S., Borrmann,
A.: Towards a copilot in BIM
authoring tool using a large lan-
guage model-based agent for intel-
ligent human-machine interaction.
Preprint (2024). https://doi.org/
10.48550/arxiv.2406.16903

[84] Ghafarollahi, A., Buehler, M.J.:
Automating alloy design and dis-
covery with physics-aware multi-
modal multiagent ai. Proceedings of
the National Academy of Sciences
122(4), 2414074122 (2025) https://
doi.org/10.1073/pnas.2414074122

[85] Jadhav, Y., Farimani, A.B.: Large
Language Model Agent as a
Mechanical Designer. Preprint
(2024). https://doi.org/10.48550/
arxiv.2404.17525

[86] Ye, Y., Cong, X., Tian, S., Cao,
J., Wang, H., Qin, Y., Lu, Y., Yu,
H., Wang, H., Lin, Y., Liu, Z.,
Sun, M.: ProAgent: From Robotic
Process Automation to Agentic
Process Automation. Preprint
(2023). https://doi.org/10.48550/
arxiv.2311.10751

[87] Meyer, F., Freitag, L., Hinrichsen,
S., Niggemann, O.: Potentials of
large language models for gener-
ating assembly instructions. In:
2024 IEEE 29th International
Conference on Emerging Tech-
nologies and Factory Automation

31

https://doi.org/10.1038/s41598-025-97498-y
https://doi.org/10.1038/s41598-025-97498-y
https://doi.org/10.1016/j.taml.2025.100594
https://doi.org/10.1016/j.taml.2025.100594
https://doi.org/10.1109/tsg.2025.3589114
https://doi.org/10.1109/tsg.2025.3589114
https://doi.org/10.48550/arxiv.2411.14214
https://doi.org/10.48550/arxiv.2411.14214
https://doi.org/10.1021/acsnano.5c04880
https://doi.org/10.1021/acsnano.5c04880
https://doi.org/10.1115/detc2024-143598
https://doi.org/10.1115/detc2024-143598
https://doi.org/10.48550/arxiv.2406.16903
https://doi.org/10.48550/arxiv.2406.16903
https://doi.org/10.1073/pnas.2414074122
https://doi.org/10.1073/pnas.2414074122
https://doi.org/10.48550/arxiv.2404.17525
https://doi.org/10.48550/arxiv.2404.17525
https://doi.org/10.48550/arxiv.2311.10751
https://doi.org/10.48550/arxiv.2311.10751


(ETFA), pp. 1–8. IEEE, (2024).
https://doi.org/10.1109/etfa61755.
2024.10710806

[88] Liu, J., Cui, C., Lin, P., Hui,
P., Ghias, A.M.Y.M., Zhang, C.:
A large language model based
multi-agent framework for goal
oriented controller design in power
electronics. In: 2025 8th Inter-
national Conference on Energy,
Electrical and Power Engineering
(CEEPE), pp. 1499–1502. IEEE,
(2025). https://doi.org/10.1109/
ceepe64987.2025.11034293

[89] Tomkou, D., Fatouros, G.,
Andreou, A., Makridis, G.,
Liarokapis, F., Dardanis, D.,
Kiourtis, A., Soldatos, J., Kyriazis,
D.: Bridging industrial expertise
and xr with llm-powered con-
versational agents. In: 2025 21st
International Conference on Dis-
tributed Computing in Smart
Systems and the Internet of Things
(DCOSS-IoT), pp. 1050–1056.
IEEE, (2025). https://doi.org/10.
1109/dcoss-iot65416.2025.00158

[90] Singh, S., Fore, M., Karatzas, A.,
Lee, C., Jian, Y., Shangguan, L.,
Yu, F., Anagnostopoulos, I., Sta-
moulis, D.: Llm-dcache: Improv-
ing tool-augmented llms with gpt-
driven localized data caching. In:
2024 31st IEEE International Con-
ference on Electronics, Circuits
and Systems (ICECS), pp. 1–4.
IEEE, (2024). https://doi.org/10.
1109/icecs61496.2024.10848749

[91] Zhou, L., Huang, Y., Yan, T.,
Li, D., Cai, H., Pan, L., Shi,
J.: Research on the automatic

bim modeling method of substa-
tion based on llm agent. IET
Conference Proceedings 2024(21),
686–692 (2025) https://doi.org/10.
1049/icp.2024.4301

[92] Wang, R., Gou, J.: Human-
ai collaboration empowered
knowledge-oriented agent in large
language model. In: 2025 8th
International Conference on Arti-
ficial Intelligence and Big Data
(ICAIBD), pp. 486–491. IEEE,
(2025). https://doi.org/10.1109/
icaibd64986.2025.11082074

[93] Ruan, Y., Lu, C., Xu, N., Zhang,
J., Xuan, J., Pan, J., Fang, Q.,
Gao, H., Shen, X., Ye, N., Zhang,
Q., Mo, Y.: Accelerated end-to-
end chemical synthesis develop-
ment with large language models
(2024). https://doi.org/10.26434/
chemrxiv-2024-6wmg4

[94] Crawford, N., Duffy, E.B., Evaz-
zade, I., Foehr, T., Robbins, G.,
Saha, D.K., Varma, J., Ziolkowski,
M.: BMW Agents – A Frame-
work For Task Automation
Through Multi-Agent Collabora-
tion. Preprint (2024). https://doi.
org/10.48550/arxiv.2406.20041

[95] Deng, H., Namoano, B., Zheng,
B., Khan, S., Erkoyuncu, J.A.:
From prediction to prescription:
Large language model agent
for context-aware maintenance
decision support. PHM Society
European Conference 8(1), 10
(2024) https://doi.org/10.36001/
phme.2024.v8i1.4114

[96] Xia, Y., Jazdi, N., Weyrich, M.:

32

https://doi.org/10.1109/etfa61755.2024.10710806
https://doi.org/10.1109/etfa61755.2024.10710806
https://doi.org/10.1109/ceepe64987.2025.11034293
https://doi.org/10.1109/ceepe64987.2025.11034293
https://doi.org/10.1109/dcoss-iot65416.2025.00158
https://doi.org/10.1109/dcoss-iot65416.2025.00158
https://doi.org/10.1109/icecs61496.2024.10848749
https://doi.org/10.1109/icecs61496.2024.10848749
https://doi.org/10.1049/icp.2024.4301
https://doi.org/10.1049/icp.2024.4301
https://doi.org/10.1109/icaibd64986.2025.11082074
https://doi.org/10.1109/icaibd64986.2025.11082074
https://doi.org/10.26434/chemrxiv-2024-6wmg4
https://doi.org/10.26434/chemrxiv-2024-6wmg4
https://doi.org/10.48550/arxiv.2406.20041
https://doi.org/10.48550/arxiv.2406.20041
https://doi.org/10.36001/phme.2024.v8i1.4114
https://doi.org/10.36001/phme.2024.v8i1.4114


Enhance fmea with large lan-
guage models for assisted risk
management in technical processes
and products. In: 2024 IEEE
29th International Conference on
Emerging Technologies and Fac-
tory Automation (ETFA), pp. 1–4.
IEEE, (2024). https://doi.org/10.
1109/etfa61755.2024.10710996

[97] Tao, L., Huang, Q., Wu, X.,
Zhang, W., Wu, Y., Li, B., Lu,
C., Hai, X.: LLM-R: A Frame-
work for Domain-Adaptive Mainte-
nance Scheme Generation Combin-
ing Hierarchical Agents and RAG.
Preprint (2024). https://doi.org/
10.48550/arxiv.2411.04476

[98] Lim, J., Vogel-Heuser, B.,
Kovalenko, I.: Large language
model-enabled multi-agent manu-
facturing systems. In: 2024 IEEE
20th International Conference on
Automation Science and Engineer-
ing (CASE), pp. 3940–3946. IEEE,
(2024). https://doi.org/10.1109/
case59546.2024.10711432

[99] Romero, M.L., Suyama, R.: Agen-
tic AI for Intent-Based Industrial
Automation. Preprint (2025).
https://doi.org/10.48550/arXiv.
2506.04980

[100] Zhao, Z., Tang, D., Liu, C., Wang,
L., Zhang, Z., Zhu, H., Chen, K.,
Nie, Q., Ji, Y.: A Large Language
Model-based multi-agent manu-
facturing system for intelligent
shopfloor. Preprint (2024). https://
doi.org/10.48550/arxiv.2405.16887

[101] Xia, Y., Shenoy, M., Jazdi, N.,
Weyrich, M.: Towards autonomous

system: flexible modular pro-
duction system enhanced with
large language model agents. In:
2023 IEEE 28th International
Conference on Emerging Tech-
nologies and Factory Automation
(ETFA), pp. 1–8. IEEE, (2023).
https://doi.org/10.1109/etfa54631.
2023.10275362

[102] Wang, Z., Qin, H.: Intelligent
industrial production process auto-
matic regulation system based on
llm agents. In: 2024 5th Inter-
national Conference on Artificial
Intelligence and Electromechanical
Automation (AIEA), pp. 133–137.
IEEE, (2024). https://doi.org/10.
1109/aiea62095.2024.10692701

[103] Ren, L., Wang, H., Dong, J., Jia,
Z., Li, S., Wang, Y., Laili, Y.,
Huang, D., Zhang, L., Li, B.:
Industrial foundation model. IEEE
Transactions on Cybernetics 55(5),
2286–2301 (2025) https://doi.org/
10.1109/tcyb.2025.3527632

[104] Kiangala, K.S., Wang, Z.: An
experimental hybrid customized ai
and generative ai chatbot human
machine interface to improve a fac-
tory troubleshooting downtime in
the context of industry 5.0. The
International Journal of Advanced
Manufacturing Technology 132(5-
6), 2715–2733 (2024) https://doi.
org/10.1007/s00170-024-13492-0

[105] Li, Y., Wang, H., Fei, B.: Sort-
ingbot: Leveraging large language
models and 3d vision for multi-
category material sorting. In:
2024 IEEE 15th Annual Informa-
tion Technology, Electronics and
Mobile Communication Conference

33

https://doi.org/10.1109/etfa61755.2024.10710996
https://doi.org/10.1109/etfa61755.2024.10710996
https://doi.org/10.48550/arxiv.2411.04476
https://doi.org/10.48550/arxiv.2411.04476
https://doi.org/10.1109/case59546.2024.10711432
https://doi.org/10.1109/case59546.2024.10711432
https://doi.org/10.48550/arXiv.2506.04980
https://doi.org/10.48550/arXiv.2506.04980
https://doi.org/10.48550/arxiv.2405.16887
https://doi.org/10.48550/arxiv.2405.16887
https://doi.org/10.1109/etfa54631.2023.10275362
https://doi.org/10.1109/etfa54631.2023.10275362
https://doi.org/10.1109/aiea62095.2024.10692701
https://doi.org/10.1109/aiea62095.2024.10692701
https://doi.org/10.1109/tcyb.2025.3527632
https://doi.org/10.1109/tcyb.2025.3527632
https://doi.org/10.1007/s00170-024-13492-0
https://doi.org/10.1007/s00170-024-13492-0


(IEMCON), pp. 346–355. IEEE,
(2024). https://doi.org/10.1109/
iemcon62851.2024.11093526

[106] Yoshikawa, N., Skreta, M.,
Darvish, K., Arellano-Rubach, S.,
Ji, Z., Kristensen, L.B., Li, A.Z.,
Zhao, Y., Xu, H., Kuramshin,
A., Aspuru-Guzik, A., Shkurti,
F., Garg, A.: Large language
models for chemistry robotics.
Autonomous Robots 47(8), 1057–
1086 (2023) https://doi.org/10.
1007/s10514-023-10136-2

[107] Ranasinghe, N., Mohammed,
W.M., Stefanidis, K., Lastra,
J.L.M.: Large language models
in human-robot collaboration
with cognitive validation against
context-induced hallucinations.
IEEE Access 13, 77418–77430
(2025) https://doi.org/10.1109/
access.2025.3565918

[108] Lin, C.-Y., Tsai, T.-H., Tseng, T.-
L.: Generative ai for intelligent
manufacturing virtual assistants in
the semiconductor industry. IEEE
Robotics and Automation Letters
10(4), 4132–4139 (2025) https://
doi.org/10.1109/lra.2025.3544506

[109] Wang, L.-C.: Llm-assisted ana-
lytics in semiconductor test
(invited). In: Proceedings of the
2024 ACM/IEEE International
Symposium on Machine Learning
for CAD, pp. 1–7. ACM, (2024).
https://doi.org/10.1145/3670474.
3685974

[110] Holland, M., Chaudhari, K.: Large
language model based agent for
process planning of fiber composite
structures. Manufacturing Letters

40, 100–103 (2024) https://doi.
org/10.1016/j.mfglet.2024.03.010

[111] Liu, Z., Zeng, R., Wang, D., Peng,
G., Wang, J., Liu, Q., Liu, P.,
Wang, W.: Agents4PLC: Automat-
ing Closed-loop PLC Code Gener-
ation and Verification in Industrial
Control Systems using LLM-based
Agents. Preprint (2024). https://
doi.org/10.48550/arxiv.2410.14209

[112] Xia, Y., Dittler, D., Jazdi, N.,
Chen, H., Weyrich, M.: Llm exper-
iments with simulation: Large lan-
guage model multi-agent system for
simulation model parametrization
in digital twins. In: 2024 IEEE
29th International Conference on
Emerging Technologies and Fac-
tory Automation (ETFA), pp. 1–4.
IEEE, (2024). https://doi.org/10.
1109/etfa61755.2024.10710900

[113] Jiang, W., Hu, F.: Artificial intel-
ligence agent-enabled predictive
maintenance: Conceptual proposal
and basic framework. Computers
14(8), 329 (2025) https://doi.org/
10.3390/computers14080329

[114] Sun, Y., Liu, X.: Research and
application of a multi-agent-based
intelligent mine gas state decision-
making system. Applied Sciences
15(2), 968 (2025) https://doi.org/
10.3390/app15020968

[115] Pan, Y., Sun, J., Yu, H., Luck,
J., Bai, G., Chamara, N., Ge, Y.,
Awada, T.: Building multi-agent
copilot towards autonomous agri-
cultural data management and
analysis. In: 2024 IEEE Interna-
tional Conference on Big Data
(BigData), pp. 4384–4393. IEEE,

34

https://doi.org/10.1109/iemcon62851.2024.11093526
https://doi.org/10.1109/iemcon62851.2024.11093526
https://doi.org/10.1007/s10514-023-10136-2
https://doi.org/10.1007/s10514-023-10136-2
https://doi.org/10.1109/access.2025.3565918
https://doi.org/10.1109/access.2025.3565918
https://doi.org/10.1109/lra.2025.3544506
https://doi.org/10.1109/lra.2025.3544506
https://doi.org/10.1145/3670474.3685974
https://doi.org/10.1145/3670474.3685974
https://doi.org/10.1016/j.mfglet.2024.03.010
https://doi.org/10.1016/j.mfglet.2024.03.010
https://doi.org/10.48550/arxiv.2410.14209
https://doi.org/10.48550/arxiv.2410.14209
https://doi.org/10.1109/etfa61755.2024.10710900
https://doi.org/10.1109/etfa61755.2024.10710900
https://doi.org/10.3390/computers14080329
https://doi.org/10.3390/computers14080329
https://doi.org/10.3390/app15020968
https://doi.org/10.3390/app15020968


(2024). https://doi.org/10.1109/
bigdata62323.2024.10826038

[116] Liang, G., Tong, Q.: Llm-powered
ai agent systems and their appli-
cations in industry. In: 2025
IEEE World AI IoT Congress
(AIIoT), pp. 0463–0471. IEEE,
(2025). https://doi.org/10.1109/
aiiot65859.2025.11105299

[117] Wang, W.Y., Zhang, S., Li, G., Lu,
J., Ren, Y., Wang, X., Gao, X.,
Su, Y., Song, H., Li, J.: Artificial
intelligence enabled smart design
and manufacturing of advanced
materials: The endless frontier
in ai¡sup¿+¡/sup¿ era. Materi-
als Genome Engineering Advances
2(3), 56 (2024) https://doi.org/10.
1002/mgea.56

[118] Berlec, T., Corn, M., Varljen,
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