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1. Introduction

The industrial manufacturing landscape is continuously evolving, driven by continuous digitalization and the adop-
tion of new technologies. Industry 4.0, and even more so Industry 5.0, are reshaping traditional production systems by
integrating cyber-physical systems, the Industrial Internet of Things, cloud computing, and artificial intelligence into
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Abstract

This work introduces an agentic AI framework to address the rigidity of traditional systems while enabling collaborative interac-
tion between humans and intelligent agents. The framework resulted from the synthesis of two research-based use cases: a manual
assembly process and a system for advanced material research. Traditional manual assembly support systems often rely on rigid,
predefined decision logic that is both time-intensive to develop and difficult to scale. The proposed framework leverages the rea-
soning capabilities of Large Language Models to provide continuous guidance without requiring manual programming of discrete
assembly steps or exhaustive edge-case mapping. When applied to the second use case, the integration of the agentic framework
shifts the role of the human operator from a manual orchestrator to a high-level supervisor of a collaborative autonomous system.
This approach can significantly reduce time-to-adoption, allowing more effort to be directed toward refining the system. The pro-
posed framework acts as a flexible abstraction that can be adapted to a wide range of scenarios. Its modular design supports the
seamless integration of new tools and services into the decision-making process. This paper focuses on the technical implementa-
tion of Large Language Models within collaborative production environments, while the broader impact on real-world production
remains under evaluation.
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everyday operations[5]. As a result, manufacturing is no longer limited to isolated production lines but has evolved
into interconnected, data-driven ecosystems where humans still play a central role in ensuring operational flexibility
and managing complex assembly tasks.

Digital transformation in manufacturing means more than introducing new digital tools. It involves rethinking how
data, processes, and people interact across the entire production life cycle, moving beyond simple data collection
toward the development of digital twins and integrated simulation platforms. However, initial implementations, such
as DiMAT architecture [16], function primarily as a collection of microservices. While it succeeds in connecting
experimental data, simulation tools, and domain knowledge within a unified infrastructure, it still relies on the human
researcher to act as the orchestrator by manually transferring data between various services.

Technological transformation also significantly affects other areas of operation, including manual assembly pro-
cesses. As product demand and customization requirements continue to change, operators are required to demonstrate
high levels of adaptability to accommodate fluctuating production needs. This creates a significant challenge for the
industrial sector, as maintaining agility now depends on the ability to rapidly reskill employees [15]. While employing
human instructors to retrain workers is common, this approach has several limitations. It lacks scalability because the
instructor-to-worker ratio fluctuates constantly, leading to either staffing shortages or underutilized resources. Human
instruction could potentially introduce subjective bias, which can negatively affect process standardization. A recent
study of the Ebbinghaus’ forgetting curve [8] indicates that, without immediate application, humans forget most of the
newly acquired information within 24 hours. These inefficiencies lead to increased downtime and higher production
costs for every process or product modification.

Efforts to address the need for rapid reskilling include the development of smart, autonomous assembly stations
that collaboratively assist users throughout the assembly process. The impact of such assistive systems was studied in
[11], highlighting the importance of an adaptive system to guide the user throughout the assembly process. However,
this approach faces two severe limitations: whenever the process description changes, the logic must be rewritten,
and new edge cases must be addressed. This results in increased development time and potential downtime in the
manufacturing process.

To address these challenges, this paper introduces a widely applicable agentic AI framework, designed to overcome
the rigidity of traditional systems. The framework is validated through two distinct use-cases by transitioning the
aforementioned applications from simple, reactive systems that rely on hard-coded decision logic and human input
into proactive, agent-based systems. The remainder of the paper is structured as follows: Section 2 provides a literature
review of existing agentic approaches and applications, Section 3 introduces the agentic framework and presents two
agentic use cases, and Section 4 discusses the limitations of the current work.

2. Related Work

Continuous efforts are being made to reduce the cognitive load experienced by users during manual assembly op-
erations, ranging from intention recognition approaches for robotic assistance [17] to methods for predicting the next
assembly step [10]. In [11], the authors introduced an adaptive assembly station designed for manual operations that is
capable of adapting to individual users. When a new user initiates an assembly process, the station retrieves the user’s
characteristics and automatically adjusts parameters such as workstation height, voice interface, and visual settings to
better suit the operator. The system then provides instructions regarding the assembly process to be performed. During
operation, the station continuously monitors the user and their actions and, through a cognitive control unit, determines
the appropriate course of action. The system is capable of detecting more than 20 types of incorrect actions and, once
such an action is identified, it provides guidance to the user on how to correct it. When a correct action is detected,
an AI-based module within the control unit predicts the next assembly step based on previously observed actions and
user characteristics. Throughout the process, the station continuously monitors the operation and provides feedback to
support and assist the user. Experimental validation revealed that most participants achieved high knowledge retention
regarding product configuration, highlighting the importance of assembly stations in the industrial environment.

Advances in computing power have enabled researchers to develop increasingly computationally intensive soft-
ware. In the field of artificial intelligence, this progress has facilitated the emergence of resource-intensive large
language models (LLM). In other domains, such as materials engineering, significant computational resources are re-
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quired for the design and simulation of new materials with specified mechanical properties or with predefined behavior
under particular conditions.

Advanced material processing involves the formulation, modeling, and simulation of complex material transfor-
mation processes using computational and data-driven methods. The authors of [16] introduce DiMAT, a framework
aimed at digital modelling and simulation for design, processing, and manufacturing of advanced materials. The
framework aims to provide a comprehensive suite of tools for the materials manufacturing sector. It includes a data
and assessment suite that integrates databases, knowledge acquisition frameworks, and life cycle assessment capabil-
ities. In addition, a modeling and design suite incorporates a materials design framework together with a modeling
toolkit that leverages AI for analysis and prediction, as well as a materials designer intended for the engineering of
new composites. Furthermore, the framework includes a materials simulation and optimization suite that integrates
digital twin technology for process optimization. Overall, the framework is intended to support SMEs that require
scalable and affordable open-source software solutions for their operations.

The emergence of LLMs has marked a significant shift in how businesses operate, influencing both decision-making
processes and operational workflows [1]. To support this transition, new tools had to be developed. Two tools have
gained prominence: Retrieval-Augmented Generation (RAG) and the Model Context Protocol (MCP), which together
enable the development of agentic AI systems. RAG enables LLMs to retrieve relevant information from external
knowledge bases and integrate it into the generated responses, while MCP provides a standardized protocol for agents
to discover, access, and interact with external tools and services.

Agentic AI is currently regarded as the next step in artificial intelligence [9, 13]. As [9] notes, its key advantages
over traditional AI include the ability to autonomously make decisions, continuously learn and adapt, and proactively
act rather than merely respond to predefined inputs.

The authors of [13] discuss how agentic AI is transforming industrial manufacturing from knowledge retrieval and
automated documentation to multi-modal agents capable of providing diagnostics or decision support based on sensor
data and specific domain knowledge, highlighting the narrow scope of traditional AI. The paper notes that key chal-
lenges for successful deployment include alignment with manufacturing processes, interpretability and explainability,
accountability, and, critically, resistance to adoption by the workforce.

In [6], the authors introduce a specialized agent framework tailored for the semiconductor manufacturing sector.
The system is designed to respond to user queries by synthesizing information from eight distinct data sources, in-
cluding real-time monitoring, process control, logs, maintenance data, and technical manuals. To generate insights,
the system integrates this multi-source knowledge with semiconductor-specific analysis tools. The authors claim that
through this integrated approach, the system is capable of real-time process optimization and task automation, leading
to increased productivity, quality, and overall operational efficiency.

Another agentic AI approach, presented in [2], has been tested and validated on a real-world scenario in a ceramic
tile manufacturing facility. The system employs specialized agents for each stage: sensing agents to acquire data,
reasoning agents for analytics, and action agents responsible for resource allocation and maintenance scheduling.
Coordination agents oversee inter-agent communication, ensuring efficient task distribution and system optimization.
The proposed system improved data quality and achieved sub-30-second anomaly detection for 94% of extreme events,
leading to increased equipment efficiency and reduced energy costs.

These studies showcase the potential impact of agentic AI integration in the two use cases addressed by this paper.
Moreover, the framework introduced in the next section can also be employed to represent the applications analyzed
in the related work.

3. A framework for agentic systems

3.1. The Framework

Many agentic solutions developed today involve a user interacting with a system, while an agent continuously
monitors this system and responds to environmental changes. In Figure 1, we introduce a generalized framework for
agentic AI workflows consisting of three core entities: the user, the system, and the agent. This model emphasizes the
directional interactions and functional relationships shared between them.
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The creation of an agent starts with the definition of the process description, a preliminary step in which all relevant
information must be defined. This information must include the objective of the system and should be in an easily
readable format for both humans and LLMs. Additional details are to be defined on a specific case-by-case basis and
can include implementation details, constraints, or success metrics. The process description will serve as the blueprint
from which the agent is instantiated, ensuring that its behavior aligns with the system’s objectives. Optionally, a
memory and learning module can be integrated to store additional information, including episodic data, for later use
and improved agent performance.

Through MCP, the agent discovers the integrated services it can use to reach the objective. In instances where
required services are not exposed via the MCP, they must be explicitly defined within the process description during
the initialization phase. Integrated services available to the agent include internal core functions, external APIs, and
other specialized agents. These components are not universally required and can be selected based on the specifics of
the tasks. For instance, sensors and actuators facilitate the acquisition of real-time environmental data, while external
systems provide analytics, predictions, or event-driven triggers. Additionally, specialized agents may be integrated to
collaboratively tackle domain-specific problems and provide expert reasoning.

The physical/virtual system serves as the interface through which the user collaborates with the agentic framework.
Physical configurations may encompass machinery, workstations, or complex cyber-physical systems, while virtual
environments include web-based platforms, virtual reality, or specialized software applications. For the user, this layer
facilitates interaction and provides dedicated channels for instructions and feedback, while for the agentic framework,
it provides contextual data about the environment to the agent and the means to execute its commands.

The user must interact with the physical or virtual system to fulfill a specific task, where each user action alters the
state of the environment. The system communicates these state changes to the agent, which then evaluates the updated
context against the predefined process description. Through the available integrated services, the agent determines the
necessary operations and issues the resulting commands back for execution. It should be noted that the system may
alter the environment by itself, either through the commands issued by the agent or other internal events, without the
need for an action from the user. This interaction flow is also showcased in Figure 1.

Although the proposed architecture is generic, the effectiveness of an agentic system depends on the quality of the
process description and the services provided. To illustrate this aspect more clearly, the following subsections will
present two real-world use cases that implement this architecture.

Fig. 1. General Framework for a collaborative agentic AI workflow in factories.

3.2. Usecase: Assembly Station

The first real-world use case is in manual assembly, where the worker must use the workstation ( Figure 2 (b))
to assemble a modular product (Figure 2 (a)). The assembly station follows a human-centric design. It is capable of
adjusting itself to the user currently interacting with it by adjusting the table height and by modifying how visual and
auditory feedback are delivered. Through a touchscreen, the user can interact with the station to go back one step or
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(a) (b)

Fig. 2. (a) The target product[11]. (b) The training station[11].

repeat the instruction for the current assembly step. The cameras facilitate the acquisition of environmental data. The
station was designed to be modular and, if needed, to allow for further integration of sensors and actuators.

The product was developed in alignment with Industry 5.0, which focuses on highly customizable, low-volume
production batches[3]. The product is modular and allows for any configuration of the three available modules: the
powerbank, the flashlight, and the Bluetooth module. These modules, along with the screen, are mounted onto a
central mainboard. To showcase the complexity of even a simple configuration, a configuration using two modules of
each type has been selected. Since there are no assembly constraints, the components can be installed in any order.
This results in 90 possible ways to assemble the product. A more detailed description of the product and the assembly
station can be found in [11].

The implementation of the framework for this use case is shown in Figure 3, highlighting the collaboration between
the human worker and the agentic system through the assembly station. The agentic system uses four integrated
services. Human feature extraction and object detection are built into the assembly station, using its cameras to collect
data about the environment. The text-to-speech service relies entirely on external providers to customize the auditory
feedback for the worker. To tailor the system to the user, a next-step prediction service was also included. By analyzing
previously performed assembly steps and current environmental data, the service can predict the most suitable next
step for the user. This service can run independently on either a separate computer or the assembly station itself.

To enable the agentic system to function as the brain of the station and utilize the integrated services to their full
potential, a process description was required. This description follows the same specification introduced in [12], which
allows for the easy definition of assembly steps and their associated constraints.

The workflow operates as a continuous loop, having the user assemble the product or interact with the assembly
station while the agent monitors the assembly state. By analyzing data from the assembly station, the integrated
services, and the process description, the agent can determine if the current assembly state is valid. If correct, the
agent utilizes the next-step prediction service to identify the most suitable next assembly step. Finally, the agent sends
this information to the station, which delivers visual and auditory instructions to the user.

If the assembly is incorrect, there are numerous ways the user could have made a mistake. As highlighted in [11],
over 20 incorrect actions have been identified so far. This is where the agentic approach proves its value because the
agent can identify and handle scenarios as they occur instead of requiring a programmer to manually code for every
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Fig. 3. Agentic workflow employed in the assembly station.

edge case, which is very time-consuming. Once a problem is detected, the agent sends the appropriate command to
the assembly station to provide the user with corrective feedback.

3.3. Usecase: Agentic DiMAT

The framework’s second application facilitates the architectural migration of the DiMAT platform from a
microservices-oriented configuration toward an autonomous agentic system (Agentic DiMAT). The platform is or-
ganised into three functional suites: data and assessment; modeling and design; and simulation and optimization. The
suites and their toolkits are thoroughly detailed in [16].

Because DiMAT already integrated LLMs within several toolkits, it provided a starting point that eased the modern-
ization of the DiMAT platform from the existing toolkit-based architecture into a collaborative system of autonomous,
LLM-orchestrated agents. In this design, the three functional suites retain their domain specialization, but each toolkit
is wrapped as an autonomous agent capable of receiving goals, planning actions, and reporting results. A central LLM
Orchestrator coordinates the agents, translating high-level user objectives, such as “design a polymer composite with
specified mechanical properties”, into executable sequences of agent invocations.

Figure 4 shows how the agentic framework works within the Agentic DiMAT platform by illustrating the inter-
actions among the user, the platform, and the agentic system. The user sets a high-level goal through the platform,
which is then converted into commands for the LLM Orchestrator. The Orchestrator breaks down the goal and as-
signs tasks to specialized agentic toolkits: Data & Assessment Agents, responsible for querying materials databases
and knowledge graphs; Modelling & Design Agents, which support AI-driven predictions and materials engineering
activities; and Simulation & Optimization Agents, which enable digital twin–based process control. This distribution
of responsibilities reflects the three-part architectural structure of the DiMAT platform [16, 14]. A Memory & Learn-
ing module, powered by process descriptions, helps the system remember context across interactions and improve
its strategies over time. Notably, edge devices running Small Language Models (SLMs) expand the agentic system’s
capabilities from the cloud to the manufacturing floor, enabling low-latency, privacy-protected decision support at the
point of operation.

Table 1 highlights the evolutionary differences between DiMAT and Agentic DiMAT. While DiMAT relied primar-
ily on loosely coupled microservices that exposed functionality via REST interfaces, the new architecture introduces
autonomous agents as the primary unit of composition, capable of reasoning, planning, and interacting with external
tools. Additionally, the architecture moves from stateless services and direct database queries to memory-augmented
reasoning, where agents access contextual knowledge through retrieval mechanisms and ontologies. Tool integration
is extended through the MCP, which standardizes how agents access external capabilities. Decision-making shifts
toward agent autonomy with human-in-the-loop supervision, while deployment evolves from a cloud-only model to a
hybrid edge–cloud infrastructure. Overall, Agentic DiMAT transforms the platform from a set of distributed services
into a collaborative multi-agent system designed to support intelligent manufacturing assistance.
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Fig. 4. Agentic DiMAT workflow.

Table 1. Evolution from DiMAT (microservices) to Agentic DiMAT Architecture.

Dimension DiMAT Agentic DiMAT

Unit of Composition Toolkit (microservice) Autonomous Agent
Coordination Manual / scripted LLM Orchestrator
State Management Stateless REST APIs Memory-augmented (RAG)
Knowledge Access Direct DB queries Ontology-guided reasoning
Tool Integration REST /MQTT APIs MCP
Decision Making Human-driven Agent-autonomous + HITL
Deployment Model Cloud-only Hybrid edge-cloud (LLM/SLM)
Safety Pattern Input validation Simulate-before-actuate

4. Discussion and Further work

This work introduced a general Agentic AI framework validated against two use-cases: manual assembly operations
and a software system for material processing. The two widely different use cases demonstrate that this framework
provides a domain-agnostic architecture capable of modeling a broad range of agent-based systems while facilitating
collaborative interactions with human users.

Considering the manual assembly use case, psychological and empirical research highlight the critical role of
autonomy within the user workspace [4]. The agentic approach addresses this requirement by providing users with
continuous, noninvasive guidance throughout the assembly process. Another critical challenge was the transition from
a static, rule-driven architecture to a dynamic system capable of facilitating diverse assembly scenarios and potentially
supporting a broader range of products. While the system’s performance on a wider variety of assembly tasks has not
yet been validated, the elimination of complex decision logic has already reduced software development time. Edge
cases that should have been previously treated by the developers are now handled by the agentic system, providing
them with more time to test and refine the final system. By adopting the agentic approach, the system can now extend
its capabilities by easily integrating new tools or services.

However, by employing LLMs as the brain of the decision system, the system effectively becomes a black box,
and the transparency of the decision is lost, providing no explanation whatsoever on how the agent arrived at a certain
decision [18]. Alongside transparency, the system also loses consistency, having no guarantee that the agent will make
the same decisions when faced with similar or even the same inputs. Furthermore, as in any real-time system, the time
from input to output is critical. As LLMs can take a long time to reason before outputting tokens, the use case, in
its current form, can not transition from laboratory to industrial application. To address all these issues, we seek to
merge this framework with the SOAR-based approach from [11], leveraging SOAR’s explainability with the flexibility
provided by LLMs.

The integration of agentic AI in the second use case highlights the transition from the traditional microservice
architecture to an agentic-based one. It redefines the role of the human from a manual orchestrator to a high-level
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supervisor of a self-correcting system. In the previous implementation [16], users manually transferred data between
the services. In the agentic approach, the LLM Orchestrator autonomously determines the required sequence of oper-
ations, dynamically routing specific sub-tasks to domain-specialized agents for execution.

A major bottleneck to be addressed is the scalability of the system. In complex workflows, the orchestrator must
maintain a coherent task dependency graph while managing concurrent agent executions. The current design ad-
dresses this limitation through domain-specific prompt engineering and RAG-augmented context; however, a formal
evaluation of orchestration accuracy across diverse workflow types has not yet been conducted.

As in any system modification, the transition requires significant changes in how researchers and engineers in-
teract with the platform. Shifting from manual toolkit invocation, where users retain full control over each step, to
autonomous agent orchestration necessitates establishing trust in the system’s decision-making capabilities [7]. To
address this, humans are still playing an important role in decision-making. However, identifying the correct approval
thresholds remains an empirical issue that can only be resolved through sustained pilot deployment with real users
across industrial pilots.

Future work will involve empirical validation through pilot deployments and benchmarking the autonomous work-
flow completion rates against manual orchestration baselines. More thorough studies are required to further assess the
safety and robustness of the presented use cases.

References

[1] Arslan, M., Munawar, S., Cruz, C., 2024. Sustainable digitalization of business with multi-agent rag and llm. Procedia Computer Science 246,
4722–4731. doi:https://doi.org/10.1016/j.procs.2024.09.337. 28th International Conference on Knowledge Based and Intelligent
information and Engineering Systems (KES 2024).
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