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Introduction: The Transforma-
tion of Engineering and Manu-
facturing through Al

The integration of Artificial Intelligence
(AI) and Generative Al (GenAl) in engi-
neering and research & development
(R&D) offers significant potential. Kidding
and Dumitrescu emphasize that Al en-
ables fundamental changes in strategic
product planning by utilizing new tech-
nologies and data processing approaches
to design complex systems [7].

Although GenAl is currently in the
spotlight, it is only a part of the broader

The integration of Generative Al (GenAl) and Agentic Architecture of-
fers potential for scalability, automation, and improved decision-mak-
ing in engineering and manufacturing. These technologies contribute
to efficiency and process optimization but face challenges such as data
fragmentation and interoperability. This paper examines the role of
Agentic Architecture in addressing these issues, presenting scalable
Al solutions, practical use cases, and strategic considerations for sus-
tainable Al-driven innovation in industrial applications.

Al spectrum. Disciplines such as Ma-
chine Learning (ML), Natural Language
Processing (NLP), and Data Science form
the foundation of modern Al applications
and play an integral role in industrial
processes (Figure 1). However, GenAl ex-
pands this spectrum with capabilities for
efficiently processing unstructured data,
reasoning, and knowledge management
beyond traditional data analysis.

Studies highlight that by 2025, GenAl
will be used in 30 percent of companies
for Al-supported development and test-
ing strategies [3]. By 2026, over 100 mil-
lion people could collaborate with Al-driv-
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en “Al colleagues”, and 75 percent of
companies plan to use GenAl to generate
synthetic customer data.

However, the introduction of Al and
GenAl in companies presents significant
challenges. According to a 2022 study by
Accenture, only 12 percent of companies
worldwide can utilize Al and integrate it
into their business processes effectively [1].
More than 60 percent of the surveyed com-
panies are still experimenting and strug-
gling to scale Al solutions sustainably [1].

These figures illustrate the complexity
of implementation and the need for tar-
geted strategies to integrate Al into busi-
ness processes successfully. The lack of
access to large, high-quality datasets, the
requirements for explainable, accurate,
and reliable AI processes, and the inte-
gration into existing, often complex IT
landscapes complicate widespread inte-
gration. At the same time, there is often a
lack of standardized interfaces to seam-
lessly incorporate Al technologies into
existing systems and IT solutions along
the value chain.

By training on enormous datasets and
flexibly adapting GenAl applications using
various techniques, this technology has the
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Figure 1. The Al Continuum: Positioning Generative Al within Al Disciplines and Supporting Foundations such as Data Management and ML-Ops

(Accenture, 2024, modified)

potential to make development and manu-
facturing processes along the entire value
chain more efficient, adaptable, and agile.

Despite these hurdles, a clear trend is
emerging: the integration of Al and GenAl
has the potential to sustainably transform
not only engineering and manufacturing
but the entire value chain. These technolo-
gies enhance productivity, optimize pro-
cesses, and enable informed, data-driven
decision-making in real time - a crucial
competitive advantage for companies that
embrace this change early on.

The following analysis highlights the
potential of these technologies in the en-
gineering and manufacturing landscape,
which use cases are already being suc-
cessfully implemented today, what archi-
tectural foundations are necessary to ful-
ly leverage their potential, and what
companies need to do to sustainably ben-
efit from this technology.

Status Quo: Al in Engineering
and Manufacturing

Although Al is increasingly used in manu-
facturing and engineering, the adoption
rate and penetration vary. According to a
study commissioned by IBM, 32 percent of

German companies with over 1,000 em-
ployees actively use Al, while another
44 percent are currently experimenting
with Al or exploring its use [14].

In the manufacturing sector, Al is pri-
marily used to optimize production pro-
cesses. Machine learning and data analysis
enable companies to automate production
workflows and increase efficiency [5, 10].
Particularly in the automotive industry and
electronics manufacturing, there are nu-
merous applications where Al is used to
predict machine failures and improve prod-
uct quality [8]. The use of Al in many small
and medium-sized enterprises in the DACH
region is limited, as the necessary resourc-
es and expertise to effectively implement
Al systems are often lacking [10].

In the area of R&D, a similar picture
emerges. Al is increasingly being used as
a supportive tool in generative design
and research to analyze data and identify
patterns crucial for developing new prod-
ucts or technologies [12]. Nevertheless,
integrating Al into research processes of-
ten remains fragmented and heavily de-
pendent on the respective discipline. In
engineering, for example, Al is primarily
used in design and simulation, while in
other areas, such as materials research or
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product development, its application is
not yet widespread [8].

In summary, the use of Al in engineer-
ing, R&D, and manufacturing in the DACH
region is already established in specific
disciplines along the value chain. Howev-
er, comprehensive and widespread imple-
mentation is still pending.

Generative Al in Engineering:
Potential and Main Use Cases

Generative Al represents a promising ex-
tension of existing methods in engineering
and manufacturing. Okuyelu and Adebayo
demonstrate that companies can reduce
costs through GenAl, shorten time-to-
market, and enhance their innovation ca-
pabilities [3, 11].

Large language models (LLMs) are
evolving into powerful tools that go far
beyond their original application in text
processing. They can process classic text-
based inputs and multimodal data sourc-
es such as images, videos, speech, struc-
tured production data, unstructured
documents, and technical formats like
CAD models (Figure 2). This diversity
makes them particularly suitable for
complex industrial use cases.
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In current industrial applications, the
input data comes from various sources,
including maintenance logs, ERP sys-
tems, technical manuals, inspection im-
ages, production data, software code, and
3D engineering data. GenAl systems can
analyze these data, link them together,
and derive informed insights.

The resulting outcomes include not
only text content but also a variety of ap-
plications such as optimized production
schedules, CAD/CAM designs, formula-
tions, predictions of machine failures or
quality deviations, proactive recommen-
dations for action, and process optimiza-
tions, for example, through path planning
for robotic systems or efficiency improve-
ments in supply chain performance.
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Figure 3. How Generative Al complements the Value Chain in R&D and Engineering (Accenture, 2024)
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Large language models (Foundation
Models) do not operate in isolation but
can be further adapted with additional
data to address certain domains or use
cases. This can be achieved through
fine-tuning, a targeted model develop-
ment with domain-specific data, or spe-
cialized input instructions (Prompt En-
gineering). Furthermore, operational
actions can be triggered through inter-
faces to existing IT systems such as ERP
or PLM tools, making GenAl particularly
effective in practice.

I GenAl Along the Value Chain

Accenture estimates that Generative Al
can increase the available resources in
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research and development along the val-
ue chain by up to 36 percent (Figure 3).

In early development phases, GenAl
can provide significant support by act-
ing as an intelligent assistant to facili-
tate idea generation, regulatory analy-
ses, and technical feasibility studies. Its
ability to analyze and structure large
amounts of data in real time enables
more efficient decision-making and ac-
celerates the transition phase from re-
search to conception.

GenAl optimizes iterative processes
in the design and prototyping area by
automatically simulating and evaluat-
ing various design options while consid-
ering requirements and regulations.
This automation significantly reduces
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time and personnel effort, shortens de-
velopment cycles, and accelerates time
to market.

Also, in the testing and validation
phase, GenAl unleashes its potential by
augmenting traditional physical tests
with virtual simulations. Weaknesses
can be identified early on, and alternative
solutions can be explored before physical
prototypes are created. Hybrid approach-
es that combine simulation-based and
physical testing ensure reliable results
while also reducing costs

In lifecycle management, GenAl en-
ables continuous optimization of prod-
ucts throughout their entire lifespan
through data-driven analyses. Systems
like Federated Product Lifecycle Man-
agement aggregate data from various
phases of the product lifecycle to im-
prove maintenance strategies and en-
hance product performance. This ap-
proach is mainly supported by technologies
such as knowledge graphs, multi-agent
systems, and cloud-based solutions.
They make it possible to create robust
federated systems while providing a
centralized data view.

In summary, GenAl can become inte-
gral to modern engineering and manufac-
turing processes. By strategically deploy-
ing it along the value chain, companies
can achieve significant efficiency gains
and secure their market position through
innovative products and processes in the
long term.

Challenges of Al Integration in
Engineering and Manufacturing

Despite the potential of Al in engineering
and manufacturing, companies face nu-
merous structural and technological hur-
dles that complicate the implementation
and use of these technologies. According to
a study by Buxmann and Schmidt, 95 per-
cent of respondents believe Al will play a
crucial role in their companies. Yet, the
actual implementation lags behind these
expectations [4].

The challenges associated with the in-
troduction of Al are diverse, as summa-
rized in the Figure 4. Companies are con-
fronted with increasing complexity in
data processing and the need to adapt
their business models to meet the de-
mands of digitalization [13, 7].

Interdisciplinary Collaboration

The integration of Al is hindered by the
collaboration between various
disciplines, which often use different
technical languages and perspectives

Requirement Complexity
Increasingly complex product
requirements and rapidly
changing specifications pose
significant challenges for Al
models and systems.

Data Fragmentation

The multitude of data formats and
the lack of unified standards impede
seamless integration and data
processing.

/IP and Data Accessibility
‘ @’1 / Restrictions due to intellectual

)/ property and data privacy limit data
/ exchange and the availability of
critical information.

Tool Diversity
The use of various specialized tools leads
to compatibility issues and creates data
silos, hindering seamless integration.

Figure 4. Central Challenges in the Engineering and Manufacturing Industry: Interdisciplinary
Collaboration, Data Fragmentation, IP and Data Accessibility, Tool Diversity, and Requirement

Complexity (own representation)

Heterogeneous Data Sources and Lack
of Interoperability

Engineering and manufacturing proces-
ses generate data in various formats that
are often not standardized. This ranges
from CAD models to bills of materials to
simulation data and test protocols, which
exist in multiple versions and frequently
incompatible formats.

The lack of consistent standards means
that Al models struggle to integrate data
from different sources seamlessly. This
fragmentation hinders the development
of a holistic view of the process and sig-
nificantly restricts the interoperability of
modern Al solutions.

Limited data availability and inacces-
sible documentation due to intellectual
property and high data protection re-
quirements

Data is often protected as intellectual
property (IP) and cannot be shared out-
side of organizations or departments in
the engineering and manufacturing sec-
tors. Additionally, strict data protection
regulations, particularly in Germany, com-
plicate the processing of unstructured
data, as it may contain potentially person-
al information. These restrictions limit the
availability and quality of the data needed
to develop Al systems such as LLMs.

Diversity of IT tools and media breaks
Development and manufacturing process-
es utilize various specialized software tools
from different providers that are often in-
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compatible. These tools cover specific areas
such as CAD, PLM, ERP, or simulation soft-
ware but usually operate in isolation.

Media breaks occur between these
tools, complicating data transfers and re-
quire manual follow-up work. Classic Al
solutions, such as application-specific
“co-pilots”, can only help to a limited ex-
tent, as they are often focused on individ-
ual tools and do not enable comprehen-
sive process integration.

Complexity of requirements and de-
pendencies

The complexity of requirements for mod-
ern products is increasing rapidly. Across
all industries, the demand for connected
and modular products, which are increas-
ingly defined by software (Software-De-
fined Products), is growing.

For example, software components such
as over-the-air updates (OTA) must al-
ready be considered in the design and
planning phase. At the same time, exter-
nal factors such as regulations or sustain-
ability requirements are also crucial.
Interdisciplinary Collaboration and
Multimodality
Modern products require close collabora-
tion between mechanical engineering, elec-
trical engineering, software development,
and manufacturing planning. Each disci-
pline often uses its specialized language,
and even similar terms like “security” have
entirely different meanings in different
contexts.

DE GRUYTER



Additionally, company-specific termi-
nology presents another challenge. Com-
panies often use internal abbreviations,
terms, and processes established inde-
pendently of disciplines, which must be
specifically trained to be correctly inter-
preted by Al systems.

These multimodality and discipline-spe-
cific nuances require modern Al systems
to have the ability to interpret, distin-
guish, and contextualize specific domain
knowledge accurately. However, current
systems have only limited capabilities to
seamlessly switch between domains in a
“memory context”, which restricts their
ability to optimize complex processes
comprehensively.

Architectural Foundations:
Scaling GenAl in Engineering
and the Role of Agent Systems

Integrating Al into engineering and manu-
facturing processes requires a robust and
scalable architecture to overcome exist-
ing media breaks between tools and dis-
ciplines. Modern processes utilize vari-
ous specialized software tools that often
work in isolation. This lack of interopera-
bility leads to data losses, inefficiencies,
cumbersome integration, and difficulty
for Al to access relevant information.

Al agents can overcome these media
breaks by acting as intermediaries be-
tween tools and processes. They inte-
grate data sources such as databases,
document management systems, or re-
al-time data streams into a unified digital
process chain. By leveraging GenAl and
an agentic architecture, companies can
achieve higher efficiency levels, reduce
operating costs, and improve product
quality [6].

In particular, in a multi-agent system
(MAS), autonomous agents represent spe-
cific machines, tools, or processes and can
communicate and collaborate. This capa-
bility enables the dynamic optimization of
production schedules, resource alloca-
tions, and process control. Studies show
that MAS systems can significantly in-
crease efficiency and flexibility in manu-
facturing environments [9, 15].

Furthermore, Okuyelu and Adebayo
demonstrate that integrating generative
Al and agentic architecture in engineering
and the manufacturing industry increases
productivity, optimizes processes, and en-
ables real-time data-driven decision-mak-
ing, providing companies with a crucial
competitive advantage [11, 3].

Integrating GenAl into engineering
and manufacturing requires a modern ar-
chitecture capable of efficiently process-
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ing heterogeneous data sources and
transforming them into valuable insights.
This architecture is based on a multi-
stage approach, including data collection
(Figure 5), transformation, storage, and
analysis.

The starting point is the integration of
relevant data sources such as databases,
emails, or technical systems. The data
can be converted into a unified format op-
timized for Al models through methods
like embedding and chunking. Subse-
quently, combining vector databases and
knowledge graphs allows for data explo-
ration and mapping of complex depen-
dencies and relationships. At the end of
the process, an orchestrated agent net-
work performs tasks such as predictions,
optimizations, or problem analyses and
delivers actionable results by integrating
external data sources and APIs.

Agentic Architecture as the Key to Ef-
ficiency

Agentic architecture plays a central role
in applying generative Al to industrial
processes. Agents enable seamless infor-
mation exchange between systems, mini-
mizing media breaks and improving col-
laboration between disciplines. Agents
can harmonize different data formats and
detect deviations early to avoid errors
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Figure 5. Modern Al Architecture: from Data Collection through Processing and Storage to Orchestration by Agent Networks - a Scalable Structure for
Efficient and Action-Oriented Solutions (Accenture, 2024, modified)
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Figure 6. Architecture of a GenAl-based solution in engineering, consisting of a central orchestrator for task distribution and specialized agents for
handling individual process steps, which collaborate iteratively (Accenture, 2024, modified)

and increase efficiency. This lays the
foundation for flexible and scalable pro-
cesses that dynamically adapt to chang-
ing requirements.

Due to their autonomy and communi-
cation capabilities, research confirms
that MAS is well-suited to tackle complex
industrial challenges [15, 16]. Applica-
tions such as optimizing production
schedules or dynamic resource allocation
demonstrate how these systems can help
make production processes more effi-
cient and resilient.

Use of GenAI Agents in in Engineering
and Manufacturing

To address the challenges in engineer-
ing and manufacturing, a combination
of robust reasoning systems and spe-
cialized GenAl agents has emerged as a
best practice. This model combines the
strengths of a central orchestrator with
the specific capabilities of individual
agents tailored to particular tasks and
systems (Figure 6).

The orchestrator takes on planning,
evaluation, and user interaction tasks. It
manages the entire process, assigns tasks
to the agents, and consolidates the results.
In contrast, the GenAl agents focus on
specific requirements and interfaces,

such as understanding and utilizing IT
solutions or processing particular data for-
mats. Furthermore, the agents can consid-
er lessons learned, best practices, and in-
dustry-specific and  company-specific
regulations, such as ISO standards. These
agents do not require a comprehensive un-
derstanding of the overall process but
work with a clearly defined, limited proj-
ect scope. The results are reported directly
to the orchestrator or other agents to solve
complex tasks in iterative steps.

This modular concept allows for quick
and cost-effective processing by utilizing
powerful yet specialized tools for individ-
ual tasks. At the same time, the orches-
trator ensures that all subprocesses are
seamlessly linked and that the results
are meaningfully integrated into the
overall context. This combination of cen-
tral control and specialized execution of-
fers a robust and scalable solution that
meets the specific requirements of mod-
ern engineering processes.

Recommendation: Competitive
Advantages through a Compa-
ny-Wide Digital Foundation

The ability to scale Al projects at the en-
terprise level is crucial for their long-
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term success. Companies that only use

Al in pilot projects must address the scal-

ability challenge to achieve sustainable

effects.

However, using Al and GenAl solutions
in practice is rarely possible “out of the
box”. For companies to benefit from the
potential of these technologies, important
prerequisites must first be established:

B Data quality and availability
Companies must acquire relevant data
and prepare it in a structured form.

B Technological infrastructure
Powerful computing capacities, scal-
able cloud solutions, and the ability to
integrate into existing systems through
APIs and interfaces are central compo-
nents for the successful use of GenAl.
Additionally, flexible architectures are
required to meet the demands of
growing data volumes and complex
models, as well as robust security
measures to ensure data integrity and
privacy.

B Process adjustment
Internal processes and data flows must
be optimized and aligned with the re-
quirements of AL

m Staff training
Employees must be prepared to work
with Al and GenAl and be continu-
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ously trained. The study by Schon-
berger shows that successful integra-
tion of Al systems into existing work-
flows requires significant training
and adjustment to ensure smooth
collaboration between humans and
machines [12]. This need for training
and adjustment is often seen as one
of the biggest hurdles companies
must overcome to implement Al suc-
cessfully.

B Responsible Al
Companies should ensure that using
artificial intelligence complies with
ethical, legal, and social standards.
This includes developing transparent
models that ensure traceability and
fairness and protecting sensitive data
through robust security measures.
Equally important is continuously re-
viewing Al systems to minimize unin-
tended biases and risks.

B (Clear use cases and business value
Pilot projects should be purposefully
selected and designed to be scalable to
other areas of the company. Use cases
that address specific challenges and
create clear value for the company
should be prioritized. Central manage-
ment of use cases can also create syn-
ergies, avoid duplication of effort, and
ensure strategic alignment.

The Right Approach: Focus on Use
Cases with Value and a Strong Digital
Foundation

An efficient entry into GenAl begins with
implementing use cases that demon-
strate measurable benefits. Examples in-
clude automating design processes, opti-
mizing quality control, or predictive
maintenance. These use cases can be ef-
fectively scaled in combination with a
structured data foundation, a modern
platform architecture, and especially a
digital foundation - Digital Core.

Digital Core encompasses central
technological elements such as cloud,
data, artificial intelligence (Al), and se-
curity. It forms the basis for data-driven
decisions, flexible integrations, and au-
tomation, essential for continuous trans-
formation and adaptation to dynamic
market demands. According to Accen-
ture research, companies with an ad-
vanced digital core can achieve up to
60 percent higher revenue growth (from
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an average of 7.1 percent to 11.1 per-
cent) and 40 percent higher profitability
(14.2 percent to 19.4 percent) [2].

The introduction of generative Al
should not be viewed as an isolated tech-
nological improvement but as part of a
comprehensive strategic transformation.
Companies must reevaluate their exist-
ing systems to enable Al-supported oper-
ations and align their organization with
new possibilities. A digital foundation
plays a key role here, as it strengthens
collaboration between machines, hu-
mans, and systems, thus creating the
basis for continuous innovation.

I Conclusion and Outlook

Generative Al has the potential to trans-
form engineering and manufacturing
processes fundamentally. GenAl opens a
new level of efficiency, flexibility, and in-
novation from conception to design to
production and lifecycle management.

Companies can overcome existing media

breaks by integrating multi-agent sys-

tems, knowledge graphs, and modern
platforms and establishing seamless dig-
ital process chains.

However, the successful introduction of
generative Al requires careful planning
and strategic decisions. Companies must:
B Structuring data and processes and

aligning them with the requirements

of AL

B Start pragmatically by implementing
use cases with measurable added
value.

B Train employees to build the neces-
sary knowledge for dealing with new
technologies.

® Think long-term by establishing a
scalable architecture and a robust dig-
ital foundation.

New technologies such as multi-agent
systems will further expand the possibil-
ities of GenAl. Companies that act now
are laying the groundwork for a success-
ful and innovative future.

Accenture GenAl Studio Munich: Ex-
perience Industrial Generative Al in
Practice

The Accenture GenAl Studio Munich is
our global center for Generative Al, specif-
ically for the automotive and industrial
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sectors. Here, companies can experience
the latest technologies and applications of
GenAl live and test them hands-on.
From workshops and tours to prototyping
and co-innovation, the studio offers com-
prehensive opportunities to explore and
customize the potential of Generative Al
Use cases include the Multi-Agent Engi-
neering Assistant, Operation Twin Copi-
lot, Generative Technical Publications, or
the Virtual Mentor for Manufacturing.
Visit us at the Balan Campus in Munich
and discover how Generative Al can trans-
form your processes. Our team looks for-
ward to welcoming you on-site.

I Summary

Integrating Generative Al and Agentic Ar-
chitecture offers transformative potential
for engineering and manufacturing pro-
cesses. With its ability to process and ana-
lyze complex, multimodal data, Generative
Al enables real-time decision-making, pre-
dictive maintenance, and process optimi-
zation across the value chain. This ap-
proach addresses challenges such as
fragmented data, intellectual property
constraints, and interdisciplinary collabo-
ration. Businesses can unlock significant
efficiency gains and enhance competitive-
ness by leveraging a robust digital core
and modern architectures. Generative Al
reshapes traditional engineering practic-
es, setting the foundation for scalable, sus-
tainable innovation.
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