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Abstract

The semiconductor manufacturing industry depends on effective data collection and
analysis for critical processes such as Root Cause Analysis (RCA) and Risk Assessment
(RA). Both processes involve software-driven data collection and subsequent analysis by
domain experts to support informed decision-making. However, the increasing complexity,
volume, and decentralized nature of manufacturing data pose significant challenges
for effective data collection. Data is distributed across multiple systems with varying
formats and ownership, making conventional programming paradigms and manual data
collection scripts inadequate for handling this decentralized data landscape. To address
these challenges, this study proposes integrating Action-Oriented Programming (AcOP)
with Automatic Agent Generation (AAG) as a novel solution. AcOP emphasizes actions as
fundamental execution units, separating system behavior and data. Complementing this,
AAG uses large language models (LLMs) to autonomously generate intelligent agents,
which manage these actions and perform preliminary data analysis with domain-specific
knowledge. Our experimental setup compares three microservice applications supporting
RCA and RA: Object-Oriented Programming (OOP), AcOP, and AcOP integrated with
AAG. Evaluation results indicate that AcOP improves modularity, adaptability, and error
handling in decentralized systems. Integrating AAG enhances automation, provides a
flexible, low-maintenance solution for data collection and analysis pipelines, and promotes
autonomous microservice architectures in data-intensive environments.

Keywords: action-oriented programming; automatic agent generation; generative ai;
agentic systems; distributed micro-services; artificial intelligence; decentralized data;
decision-making; data collection frameworks; root-cause analysis; risk assessment

1. Introduction
The semiconductor manufacturing industry is a dynamic and intricate field that

relies heavily on data and domain knowledge to oversee and optimize manufacturing
processes [1]. Even minor inefficiencies can result in significant financial losses and reduced
product quality [2]. Thus, semiconductor manufacturing companies continuously improve
their operational effectiveness and quality by systematically managing key processes such
as Root Cause Analysis (RCA) and Risk Assessment (RA). RCA identifies root causes
of manufacturing issues, whereas RA evaluates potential risks and ensures mitigation
strategies [3]. Both processes depend critically on timely, accurate, and comprehensive
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data collected [4] from various sources throughout manufacturing environments to make
informed decisions. Data collection is supported by software applications that facilitate the
extraction, aggregation and processing of the underlying data.

However, the data landscape encompasses diverse data sources, structures, and
formats [1]. Data is distributed across multiple systems and units such as sensors, quality
assurance (QA) systems, logistic tracking. Each makes independent decisions based on
resource availability and objectives [5–7]. This decentralized structure, combined with
increasing data volumes and complexity, poses significant challenges to software-driven
data collection and analysis. Manual data collection scripts and software development
practices are time-consuming, error-prone, and poorly suited for handling decentralized
data systems. This limits their effectiveness in supporting RCA and RA efforts [8].

With the growing importance of managing decentralized data systems, this study
explores the integration of two innovative frameworks: Action-Oriented Programming
(AcOP) and Automatic Agent Generation (AAG). AcOP centers around actions as funda-
mental units to manage decentralized environments efficiently [9,10]. Complementing
AcOP, AAG leverages large language models (LLMs) to autonomously generate intel-
ligent agents to coordinate specialized tasks within these environments and perform
preliminary data analysis [11]. The integration of these approaches provides a more
efficient, flexible, adaptable and automated method for handling decentralized data
collection challenges. It is particularly suitable for semiconductor manufacturing and
other data-intensive domains.

The primary objective of this research is to enhance data collection software solutions
tailored for decentralized environments. Specifically, this research investigates how inte-
grating AcOP and AAG can improve software application design, modularity, scalability,
and automation to effectively support RCA and RA processes. To achieve this, the following
research questions are addressed:

1. What challenges does the semiconductor industry face in data collection for RCA
and RA?

2. How does the application of AcOP compare to conventional data collection software
development techniques currently used in the semiconductor industry?

3. What potential advantages could the AAG offer to improve data collection and
analysis phases in RCA and RA?

4. How could the combination of AcOP and AAG, along with a microservice architecture,
potentially benefit the semiconductor industry for data collection?

5. What broader impacts might AcOP and AAG have on workforce skills, organizational
structure, and technology strategies?

To address these questions, a microservice application prototype was developed to
serve as a software-driven data collection tool for RCA and RA. Three distinct implemen-
tation approaches were evaluated: conventional Object-Oriented Programming (OOP),
AcOP, and AcOP integrated with AAG. Each implementation was assessed under identical
simulated workloads, with a focus on key metrics including modularity, scalability, and
error-fault management and implementation complexity.

This research contributes both theoretically and practically to software development
in decentralized environments. It extends the theoretical foundations of AcOP, originally
introduced by Kurki-Suonio and Kankaanpää [12], by applying it to real-world data
collection challenges beyond cloud computing [13]. Additionally, this research explores
AAG, a relatively new approach that uses AI agents to support coordination in distributed
systems [11]. On the practical side, the study demonstrates how agentic systems with a
suitable programming paradigm can improve development practices and maintainability
in software systems, addressing current limitations in RCA and RA workflows. The
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proposed methods are applicable not only in semiconductor manufacturing but also in
other domains such as IoT and smart manufacturing, offering scalable and adaptable
solutions for decentralized data handling.

The remainder of this paper is structured as follows: Section 2 reviews relevant
literature for RCA and RA. Sections 3 and 4 review relevant literature and theoretical
background for the proposed frameworks. Section 5 outlines the experimental methodology.
Section 6 presents and analyzes our results, while Section 7 discusses their implications
and suggests directions for future research. Finally, Section 8 summarizes the key findings
and contributions.

2. Root Cause Analysis and Risk Assessment
RCA and RA are two essential frameworks widely adopted in high-reliability domains

such as semiconductor manufacturing [4].
RCA and RA methodologies, while distinct in their objectives, are complementary

in practice. Together, they provide a structured foundation for process optimization,
quality improvement, and strategic decision-making [3] (see Figure 1). In semiconductor
manufacturing, defective components not only compromise product integrity but also pose
risks to entire systems, leading to significant financial losses and reputation damage [14].
RCA and RA are thus fundamental in addressing these challenges through proactive
measures and continuous improvement initiatives, which enhance process capabilities,
product quality, and yield [15].

RisksRoot Cause

Problem

Time Flow

Focus on
identifying

root
causes of

past
problems

Root Cause
Analysis Risk Assesment

Focus on 
assessing risks

of
future problems

Figure 1. Relationship among a problem, RCA, and RA. RCA focuses on identifying the underlying
causes of existing problems, whereas RA places more emphasis on preventing and mitigating potential
risks in the future.

2.1. Root Cause Analysis (RCA)

The essence of RCA lies in identifying the root cause of a problem and eliminating
it to prevent recurrence [16]. RCA differentiates between symptoms (observable effects),
first-level causes (immediate causes), and higher-level causes (underlying contributors).
Effective RCA involves a structured approach comprising several steps: problem identifi-
cation, cause brainstorming, data collection, data analysis, root cause identification, root
cause elimination, and solution implementation [16]. In semiconductor manufacturing,
RCA often utilizes structured methodologies such as the Eight Disciplines (8D), which
systematically identify root causes and facilitate corrective and preventive actions [17].

2.2. Risk Assessment (RA)

RA systematically identifies and evaluates potential risks that could impact organiza-
tional objectives [18]. This involves multiple stages: risk identification, risk analysis, risk
evaluation, risk treatment, risk monitoring, and reporting [19]. Performance metrics such
as risk exposure, mitigation effectiveness, frequency of occurrence, mitigation timeframe,
cost, and impact on business objectives are employed to measure the effectiveness of RA
processes [18,19].
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2.3. Challenges in Decentralized Data Collection for RCA and RA

The semiconductor industry’s data ecosystem is highly decentralized and fragmented,
making data collection challenging. Issues arise from data volume, velocity, and variety
across multiple systems such as sensors, QA processes, and logistic systems [1]. Therefore,
engineers are compelled to collect data from various places and integrate it promptly,
efficiently, and accurately [20]. Conventional data collection approaches, such as manual
scripts and conventional software methods, struggle to manage these complexities effi-
ciently, leading to increased human errors and delayed decision-making [8] in RCA and
RA. Inefficiencies in the data collection process significantly increase human resource costs
as analysts spend more time searching for root causes or potential risks. At the same time,
computational resources have become less costly over time. This trend, combined with the
increased availability of data, has prompted researchers and practitioners to develop solu-
tions that leverage computational power to enhance data collection and analysis, ultimately
accelerating RCA and RA processes [21].

2.4. Conventional Data Collection Methods

Data collection refers to gathering data based on specific variables within a defined sys-
tem and context, such as a product identifier, with the goal of answering targeted questions
and enabling informed decision-making. A closely related concept, data extraction, refers
to the technical process of retrieving specific data points from structured or unstructured
sources, such as databases, spreadsheets, or reports. In short, data collection focuses on
answering the question from the data; data extraction ensures that the data is accessible
and ready [22,23].

Several techniques are commonly used for data extraction in semiconductor man-
ufacturing [24], including database querying, web scraping and file parsing. Database
queries allow for retrieving structured data, such as specific records or combined datasets.
However, querying across multiple decentralized systems, often managed by separate
teams or organizations, introduces challenges like accessibility, concurrency, and delays in
integrating the data [25]. File parsing is another commonly used technique, where data is
exported into spreadsheets for visualization or preliminary analysis. While convenient for
small-scale tasks, this method is prone to errors, synchronization issues, and inefficiencies
when dealing with large datasets [26,27]. Web scraping, which extracts data from web pages
by analyzing their HTML structure, is also used but often faces issues such as unpredictable
webpage layouts, security restrictions, and the need for extensive post-processing [28].
More structured methods, such as Application Programming Interfaces (APIs), allow for
efficient data retrieval from distributed systems using standardized formats like JSON or
XML. APIs are particularly beneficial for integrating data from diverse sources but require
careful implementation to ensure compatibility and performance [29].

Despite the variety of techniques, a significant portion of collected data remains
archived rather than actively utilized due to difficulties in extraction, integration, and
interpretation. The decentralized nature of data across multiple systems and locations com-
plicates the process, making it challenging to extract and convert this data into actionable
information [24]. As a result, data collection is time-consuming and labor-intensive, requir-
ing significant manual effort to extract, clean, and integrate data. This delays the ability to
identify root causes and risks. Furthermore, ensuring the availability and accessibility of
data from various sources is critical yet difficult due to frequent interruptions, changes, or
compatibility issues [1,30].

The current objective in semiconductor manufacturing is to transform raw data into
insights that are easy to access, interpret, and use for monitoring and improving production
performance. However, addressing this goal requires overcoming the limitations of existing
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methods and adopting more advanced approaches [24]. Rather than focusing solely on
improving individual techniques, it is crucial to address the broader challenges of how
these methods are applied and managed. While some data extraction methods can function
without programming, programming is often required to integrate, manipulate, and process
the data effectively. Advancing the programming perspective is important for addressing
the complexities of decentralized and distributed data landscapes. This includes adopting
new paradigms that can optimize data collection processes, improve accuracy, and enhance
scalability. Solutions tailored to the fragmented and distributed nature of semiconductor
manufacturing data could significantly increase the efficiency of RCA and RA processes by
reducing manual effort and automating repetitive, time-consuming tasks.

2.5. Conventional Programming Paradigms

Programming paradigms are structured approaches to organizing code. They provide
specific rules and concepts whose determination shapes how programs are developed, how
logic is represented, and how behaviors are controlled within the software [31]. Existing
programming paradigms, including Object-Oriented Programming (OOP), Functional Pro-
gramming (FP), Event-Driven Programming (EDP), and Aspect-Oriented Programming
(AOP), exhibit significant drawbacks when managing decentralized data and distributed
systems [31]. For instance, object-oriented programming (OOP) has limitations in handling
decentralized data because of structural rigidity and complexity in synchronization/co-
ordination tasks [31]. Additional limitations include explicit concurrency management
complexity, inefficient data and error handling, reduced scalability, and rigid structures that
diminish modularity and adaptability while increasing development effort [31–34]. While
programming languages provide support mechanisms such as monitors, threads, message
passing, and locks to address these challenges, they often require manual intervention,
which increases system complexity and the likelihood of design errors. Since the design
phase is an essential part of software development, it is important to address architectural
challenges at the paradigm level rather than relying solely on language-specific features
and implementation details [31].

3. Action-Oriented Programming (AcOP)
AcOP shifts computational focus from traditional objects or processes to actions,

improving modularity, scalability, concurrency management, and synchronization through
guards and atomic execution [9,12,35,36]. Unlike conventional models such as OOP, where
processes actively control execution, AcOP treats processes as passive resources. This
approach simplifies coordination between distributed components by relying on predefined
guards (conditions) instead of complex communication protocols [37,38]. AcOP separates
data from behavior, simplifies concurrency through implicit management, and offers
enhanced reliability and scalability for decentralized environments [9].

3.1. Structure of the AcOP Paradigm

The AcOP paradigm consists of several core components which form the foundation
of AcOP, as defined in studies by Järvinen et al. (1990, 2013) [9,35,39].

Action: Actions are the execution units in which all system functions are contained.
An action has an optional list of parameters, a set of participants that are engaged in the
action in specific roles, a guard and a body (see Appendix A.1 for details) [9].

Guard (Precondition): The guard defines the conditions under which an action can
be executed. It ensures that actions only take place when the system is in a suitable state,
thus controlling when an action is triggered by checking system conditions [35]. The action
guards in actions, TLA [36], and DisCo [35] can be divided into two parts:
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• Common part that can refer to the contents of several participants, which is in
an Action.

• Local part that can refer to the contents of a single participant only.

Action guards are syntactically split to local and common parts to make the scheduler
implementation more efficient. For example, the local part of the guard is evaluated only
when the contents of the corresponding participant are changed. Additionally, if any local
part evaluates to false, the common part does not need to be evaluated [9].

Roles: Each action defines specific roles that objects must fulfill to participate. Roles
describe the responsibilities of objects in the action and dictate how they interact with other
components during the execution of the action [10,39].

Body: The body contains the executable logic that defines the interaction between
objects assigned to different roles. It ensures that the system performs the desired operation
based on the capabilities of the objects involved [10].

Participants-Objects: An action has participants (objects) that participate in the action
and store data state that can include a variety of data types, structures, and containers.
From a programmer’s perspective, objects can be seen as record types. These objects are
typically created when the system is initialized, but the model also allows for the creation
and destruction of objects during runtime. In this model, actions involve participants,
which are the objects themselves. Each object can participate in an action only in a single,
distinct role (see Appendix A.2 for details) [9,39].

Scheduler: The scheduler is responsible for selecting a set of actions that are connected
to the objects for execution. It ensures mutual exclusion and synchronization by managing
which actions are enabled and ready to run. The scheduler selects and executes actions from
the action store based on their guards and system state (see Appendix A.3 for details) [9].

Additional components can be developed by extending the core components of AcOP
or through the integration of other paradigms. Nonetheless, the fundamental template of
AcOP remains rooted in the foundational studies by Järvinen et al. (1990, 2013) [9,35,39].

The general structure of an AcOP system is illustrated in Figure 2. Unlike traditional
thread- or class-based designs, AcOP centers around a dynamic coordination loop managed
by a Scheduler. A practical implementation example demonstrating the interaction between
participants, actions, and the scheduler is provided in Appendix A.4.

Scheduler

Read/Update State

Use Matched 
Participants

              ActionsParticipants                      

Role Matching

Guard Evaluation

Execute Ready
Actions (Parallel)

Update
 the States

Collect Results

Available Roles Required Roles

Figure 2. General structure of an AcOP-based action system, illustrating the scheduler-driven
coordination loop among participants, actions, and guards.
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All executable behaviors in the system are defined as Actions, each of which specifies
a set of required roles and a guard condition. The Participants provide these roles and
hold the corresponding data states. The scheduler first performs Role Matching to assign
participants to actions based on available roles. It then evaluates the Guards of each action
to determine which ones are ready to execute. Once guards are satisfied, eligible actions
are executed in parallel with the capability of reading/updating the state of associated
participants. After execution, the updated participant states are re-evaluated in the next
cycle. This loop continues until no further actions can be executed. Finally, the scheduler
collects the resulting data and outcomes for downstream use or analysis.

3.2. Objects in AcOP

In AcOP, the concept of objects differs fundamentally from OOP. Unlike OOP, where
objects encapsulate methods, AcOP separates behavior from objects entirely. All functional-
ity is implemented within actions, not within the objects themselves. Actions are executed
by a system scheduler rather than through external method calls, promoting modularity
and clear separation of system concerns [9].

3.3. Execution of Actions

Actions serve as atomic units of execution in AcOP, representing transitions between
system states. Each action is responsible for progressing the system from one state to the
next. This step-by-step execution ensures predictable state transitions while maintaining
system consistency [40].

3.4. Non-Determinism in AcOP

AcOP supports non-deterministic execution, where any enabled action can be selected
for the next state transition. This feature is particularly useful for concurrent and dis-
tributed systems, as it allows multiple actions to execute simultaneously when they do not
share conflicting variables or objects. A formal condition ensures conflict-free parallelism,
providing a foundation for safe and efficient concurrent execution [40].

3.5. Atomicity in AcOP

Atomicity is a core property in AcOP, ensuring that actions execute completely without
interference from other actions. This prevents disruptions caused by intermediate states,
maintaining the intended flow of execution. Atomicity is critical for applying AcOP in
distributed and concurrent systems, enabling reliable and modular system behavior [40].

4. Automatic Agent Generation (AAG)
The advancements in AI have led to the development of systems capable of performing

increasingly complex tasks. Among these, Large Language Models (LLMs) and agentic
systems represent two pivotal innovations for AAG.

The foundation of LLMs lies in the Transformer Model, an architecture introduced by
Vaswani et al. in 2017 [41]. Leveraging self-attention mechanisms, Transformers signifi-
cantly improve their ability to identify patterns and contextual relationships within large
volumes of data, ultimately providing role-based adaptability. With properly structured
prompts, they can simulate domain-specific expertise and act as virtual specialists in areas
like project management, QA, or data analysis [42,43].

Advancements in LLMs have enabled the development of autonomous agentic systems
capable of performing complex tasks [41,42,44]. AAG leverages LLMs to dynamically gen-
erate specialized agents capable of role-specific actions and decisions within decentralized
systems, significantly enhancing system adaptability and reducing manual configuration
requirements [11,45,46].
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AAG is particularly effective in handling complex, multidisciplinary tasks and envi-
ronments requiring intensive domain knowledge [11]. By decomposing tasks into planning
and execution phases, it assembles a team of specialized agents and enables them to
collaborate iteratively toward solving the task [11]. Figure 3 illustrates this high-level
workflow, where the manager agent coordinates the plan and agent team before executing
the task cooperatively.

Planning Stage Execution Stage

Trend Analysis 
Agent

Correlation Analysis 
AgentManager Agent

Pattrern Analysis 
Agent

3. Coordinate the
conversations

Trigger1: Do the task Task Result

    1. Plan the
task

2. Assemble a team
of specialized

agents.

Figure 3. Conceptual overview of AAG. The manager agent decomposes a task into a plan and agent
team, which then executes the task collaboratively.

Empirical evaluations demonstrate that AAG consistently outperforms traditional
methods, delivering coherent and accurate solutions across diverse benchmarks. Its ability
to dynamically adapt, assign roles automatically, and coordinate teams makes AAG a robust
framework for addressing complex problem-solving in dynamic and knowledge-intensive
environments [11,46].

5. Methods
This study investigates the research questions by designing and implementing three

software prototypes to simulate a data collection application for RCA and RA in a semi-
conductor manufacturing fab. A modular microservice architecture was used to reflect the
decentralized and heterogeneous nature of manufacturing data systems, highlighting the
broader applicability and benefits of such approaches.

5.1. System Design and Implementation

The software prototypes are based on a simplified version of the Holistic Product
Check (HPC) application, a web-based microservice system originally developed to perform
ETL (Extract, Transform, Load) tasks in manufacturing environments for data collection.
The HPC application interacts with various APIs, databases, and data sources to collect
manufacturing data and quickly generate reports based on product IDs, enabling informed
decisions in RCA and RA. The HPC application was designed and implemented with the
OOP paradigm.

For this study, the application was streamlined to focus on core tasks (as shown in
Figure 4), using historical data to facilitate controlled experimentation. The evaluation
dataset comprised 700 records sourced from actual manufacturing workflows. The records
contained numeric fields (integers and floats) and textual fields, organized as tabular
records drawn from relational databases, document-oriented databases, spreadsheet files,
and web-scraped pages. To satisfy confidentiality requirements, critical sensitive portions
were replaced with structurally equivalent synthetic values, while the remaining records
were retained from the original industrial workflows. This configuration preserved the
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schema diversity and format inconsistencies characteristic of a decentralized manufac-
turing environment, providing a realistic basis for evaluating how each implementation
handles coordination challenges across heterogeneous data sources. Several key require-
ments guided the system design. The design must have concurrency management through
multithreading to parallelize operations such as querying multiple data sources, thereby
improving run time efficiency. It should ensure maintainability through a modular struc-
ture that allows individual components and data sources to be modified without affecting
the entire system. It should provide fault tolerance to prevent errors in one component
from disrupting the entire data processing workflow. Finally, the architecture should be
scalable, capable of efficiently handling a large number of tasks. All three prototypes were
developed in Python 3.11. All reported performance metrics were collected from an internal
hybrid-cloud deployment, where each service ran as a containerized instance with 4 GB of
memory and 400 millicores allocated. To compare different approaches, three variants of
the HPC application were designed:

Start

End

Enter Product ID 

Initialize Data Collection with
product_id

Execute Product Related Checks in
parallel 

System 1 Check System 2 Check System N Check

Combine All Product
 Related Data 

Extract Post
processVisualize Extract ....

Figure 4. Flowchart of the HPC application showing the data collection (extraction, post-processing,
and visualization) pipeline.

5.1.1. OOP-Based Implementation

Designed and implemented using conventional OOP, where each check process is
encapsulated in dedicated classes, directly managing data extraction, processing, and visu-
alization. Class diagrams serve as the blueprints for OOP systems or subsystems, providing
visual representations of system structure and illustrating relationships between classes,
including inheritance, polymorphism, associations, dependencies, and aggregations [47].
The colors in the class diagram align with those in the flowchart (see Figure 4), visually
representing the class hierarchy and its components.
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The OOP design shown in Figure 5 prioritizes encapsulation and reusability but relies
on explicit synchronization and dependency management, which becomes cumbersome in
complex workflows.

CheckProcessModel

data: NoneType
figure: NoneType

collect_data()
get_content()
extract_data()
postprocess_data()
visualize_data()

ProductRelatedCheckProcessModel

product_id: String

extract_data()
postprocess_data()
visualize_data()

System 1

type_id: String
url: String

web_scrape_data()

System 2

do_db_resource: DocumentOrientedDBResource

DocumentOrientedDBResource

db_name: String
collection: String

query(filter_query, select_query)

DataCollection

product_id: String
product_related_processes: Dict [String, ProductRelatedCheckProcessModel]
results: dict

run_checks()
run_checks_in_parallel(processes: Dict[str, CheckProcessModel])
obtain_type_id()
_run_collect_data(name, check_process)

product_related_processes

DatabaseResource

client: NoneType

query()

do_db_resource

Figure 5. Class diagram of the HPC Application with OOP paradigm.

5.1.2. AcOP-Based Implementation

The AcOP-based implementation restructured the application using AcOP, clearly
separating concerns into discrete actions as illustrated in Figure 6. Each action explicitly
defined participant roles, guard conditions (preconditions for execution), and execution
logic. The AcOP scheduler dynamically matched actions to participants based on these
roles and evaluated guards to manage concurrency implicitly.

This approach significantly simplified coordination, reduced implementation com-
plexity, and improved modularity and scalability by clearly separating behavior from data
states, enabling easier modifications and independent component updates.

As described in Section 3, an action in the AcOP paradigm represents a state transition.
A state diagram is the most appropriate tool for illustrating an AcOP system. Unlike class
diagrams (used in OOP), which can be confusing as AcOP has a different object concept, and
activity or sequence diagrams, which fail to capture non-sequential and non-deterministic
workflows, state diagrams effectively represent the design of AcOP. For simplicity, the state
diagram used here includes special shapes for actions and participants, along with their
associated guards.
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Enter Product ID

Scheduler

ExtractSystem1Data

body

PostprocessSystem1Data

body

Extracted System 1 data

VisualizeSystem1Data

body

Postprocessed System 1 data

System1Check

body

Visualized System 1 data

ExtractSystemBData

body

Product ID

SystemBCheck

body

Extracted System B data

ProductCheck

body

Product related data

Product ID

System 2

state: dict
db_name: String
connection: String

product_id_exists()

System 1

state: dict
url: String

...... web_server_accessible()

Participant

state: dict
roles: set
locked: bool

Local Guard

Action
body

Common Guard

Definitions

Guard's input
Body updates
participant's

state

Figure 6. State diagram of the AcOP-based HPC application, depicting actions, participants,
and guard conditions. Arrows with different colors represent different types of relationships
and behaviour.

The state diagram provides a deeper understanding of the components and the work-
flows of the HPC system. Additional implementation details are available in Appendix A.

5.1.3. AAG Implementation

To evaluate the impact of AAG in the AcOP-based HPC application for data collection
and analysis (see Section 5.1), two use cases were identified. The original AAG framework
was adapted to align with the specific requirements of each experimental use case. While
the overall structure of planning and execution remained consistent, additional predefined
or dynamically generated phases were incorporated or omitted depending on the specific
needs of the application.

• AcOP + AAG Integrated Implementation (AAG Coordinator): Enhances the AcOP
scheduler by automating participant-action matching and guard generation, eliminat-
ing manual configuration of component relationships and runtime dependencies.

• AAG Analyzer: Provides immediate preliminary analysis of collected data through
domain-specific agents, generating insights that streamline subsequent RCA and RA
processes, independent from the programming perspective.
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The AAG components were built using the CrewAI 0.86 orchestration library and an
internally deployed Llama 3.3 70B model. No task-specific fine-tuning or manual hyper-
parameter tuning was applied; the model was used with the default generation settings
available through the deployment environment and CrewAI integration. In addition, no
fixed random seed or other explicit reproducibility control was enforced.

5.1.4. AcOP + AAG Integrated Implementation

AcOP’s inherent separation of data states and behaviors through guards and central-
ized scheduling provides an ideal foundation for AAG integration. Building upon this
modular architecture, AAG enhances system capabilities by automating task adaptation
and enabling dynamic reconfiguration with minimal manual intervention. The integra-
tion leverages AAG’s ability to generate intelligent agents that adapt actions to evolving
requirements and resource availability.

As demonstrated by Chauhan et al. [48], multi-agent systems can automatically gener-
ate microservices and debug workflows based on API definitions. This approach aligns
naturally with AcOP’s structure, where services correspond to actions and resources to
participants, creating synergies that streamline development and prototyping processes.

Through dynamic generation of LLM-based agents, this implementation automates
critical configuration tasks while autonomously coordinating system components and
defining execution conditions at runtime. This approach significantly enhances system
adaptability, reduces manual development effort, and eliminates traditional synchroniza-
tion complexity, directly contributing to improved modularity and maintainability. To
control ambiguity at the integration boundary, agent-generated configurations are validated
through a schema enforcement layer that ensures type safety and structural consistency
before they are passed to the AcOP scheduler.

As illustrated in Figure 7, AAG helps automate the matching process. Given that be-
havior and data-state are already separated in AcOP, these matching and guard operations
are managed by the AI agents.
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Figure 7. Execution stages of the AAG Coordinator within the AcOP-based HPC application. Com-
pared with the manually configured AcOP system (Figure 6), workflow dependencies are substantially
reduced through automated participant–action matching.
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All three implementations aim to fulfill the same functional objectives and were
evaluated under equivalent execution scenarios. The prototype intentionally excludes
non-essential interface layers, such as user interface components, in order to isolate core
system process behavior under controlled conditions. The underlying HPC application has
been actively maintained in an industrial context for two years; the prototype preserves the
same operational process logic that is relevant to the paradigm-level comparison conducted
in this study.

5.1.5. AAG Analyzer Component

The AAG Analyzer operates as an independent component that processes data col-
lected by the HPC application to generate preliminary insights for RCA and RA workflows.
The framework employs a structured four-stage process:

1. Planning Stage: The manager agent analyzes input data to identify patterns, deter-
mine analytical requirements, and assemble domain-specific agent teams

2. Execution Stage: Specialized agents (Process Engineers, Quality Engineers, Data
Analysts) independently analyze data within their expertise domains

3. Validation Stage: Statistical and domain validators verify analysis accuracy and
practical feasibility

4. Presentation Stage: Validated results are compiled into structured markdown reports
for RCA/RA integration

AAG Analyzer dynamically adapts analysis approaches based on collected data char-
acteristics, generating domain-specific insights that bridge data collection and preliminary
analysis phases. Detailed workflow descriptions with concrete stage-level input/output
examples for both AAG components are provided in Appendix B.

5.2. Evaluation Metrics and Experimental Scenarios

Based on the literature review [9,31,49,50] and application key aspects (see Section 5.1),
the following evaluation metrics (see Table 1) were defined to systematically assess the
three implementation approaches.

Table 1. Evaluation Metrics for Systematic Assessment.

Metric Description

Runtime Efficiency Measures the total execution time required to complete all tasks,
capturing overhead introduced by the programming paradigm.

Computational Complexity Characterizes the theoretical time complexity of core algorithmic
components using asymptotic analysis where applicable.

Concurrency Management Examines the effectiveness of parallel task execution, thread
utilization, and overhead associated with explicit or implicit
synchronization mechanisms.

Error and Fault Management Evaluates each approach’s capability to detect, isolate, and
recover from errors while ensuring workflow robustness.

Modularity and Adaptability Measures how easily the system can adapt to changes, such as
adding or modifying components, without affecting the overall
architecture.

Scalability Assesses how well the architecture manages increased workloads,
evaluating the ease of integrating additional tasks or data sources.

Implementation Complexity Assesses the complexity of implementing and maintaining each
paradigm, factoring in the learning curve, manual coding effort,
and complexity of managing task coordination explicitly or
implicitly.

Explainability and Transparency Evaluates how clearly the system communicates internal
operations and decision-making processes to developers,
emphasizing system clarity and ease of understanding.
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Runtime Efficiency and Computational Complexity are evaluated quantitatively
through execution time measurements and asymptotic analysis, respectively. The re-
maining metrics capture architectural and design-level properties—such as coordination
strategy, fault isolation, and structural modularity—that are inherently qualitative when
comparing fundamentally different programming paradigms. Established quantitative
software metrics such as Depth of Inheritance Tree, Number of Children, or Coupling Be-
tween Object Classes presuppose an object-oriented design and are therefore inapplicable
in cross-paradigm evaluations. Accordingly, these metrics are assessed through profiling
data, code-review assessments, and structured experimental observations, following stan-
dard practice in comparative software engineering research [31]. Experimental scenarios
were designed to assess these metrics comprehensively under identical conditions. These
scenarios are outlined in Table 2.

Table 2. Experimental Scenarios for Comprehensive Evaluation.

Scenario Description

Normal Operational Scenario All implementations executed the complete workflow (data
extraction, postprocessing, visualization) with historical
datasets representative of realistic manufacturing data,
assessing runtime efficiency and concurrency management.

Fault Injection Scenario Simulated errors, such as database unavailability, missing
data, and incorrect parameters, were introduced to evaluate
the robustness of each approach in error and fault
management.

Incremental Workload Scaling Scenario The number of tasks and data sources was incrementally
increased to test scalability, modularity, and adaptability
under higher workloads and changing requirements.

Implementation Effort Scenario The complexity of initial implementation, maintenance, and
modifications was evaluated considering factors like the
learning curve, coding effort, and maintainability.

Transparency Evaluation Scenario Each implementation’s internal logic, task coordination
mechanisms, and decision-making operations were reviewed
and evaluated for explainability and transparency.

Performance and behavior were systematically measured and analyzed using profiling
tools, qualitative assessments, and manual code reviews to ensure comprehensive evaluation.

6. Results
This section presents the experimental evaluation comparing OOP, AcOP, and

AcOP + AAG implementations based on clearly defined metrics derived from the
experimental design.

Runtime Efficiency

Multiple experimental runs were conducted across different workload scenarios to en-
sure statistical validity of performance measurements. The OOP implementation achieved
consistent performance with a mean runtime of 3.93 s (standard deviation: 0.3 s, sample
size: 12 runs), while AcOP demonstrated stable performance at 8.17 s (standard deviation:
0.5 s, sample size: 12 runs). The AcOP + AAG implementation showed higher variability
due to LLM infrastructure dependencies with a mean runtime of 40.2 min (standard devia-
tion: 4.8 min, sample size: 12 runs). Sample sizes were determined based on computational
resource constraints and convergence criteria for performance stability.

Computational Complexity

The computational complexity of deterministic algorithmic components is summa-
rized in Table A3 (Appendix C). Each data processing stage (extraction, postprocessing,
visualization) runs in O(n) where n is the number of records. In the OOP implementation,
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N check systems are orchestrated through threading, yielding O(N · n) total work. In the
AcOP implementations, each stage is an individual action; the N check systems decompose
into a total actions (e.g., a = 20 for N = 5 in the experimental prototype). Each action body
executes in O(n), contributing O(a · n) for action execution. The scheduler additionally
performs participant matching in O(r · p) per action and guard evaluation in O(r) per
action, where r is the number of roles and p the registered participants. The main loop
iterates I times (I ≤ a), yielding O(I · a · r · p) scheduler overhead and O(a · n + I · a · r · p)
combined. For the AAG components in the AcOP + AAG implementation, classical Big-O
analysis is not applicable because the computational cost depends on variable-length LLM
input context, the number of internal agent delegations is determined at runtime, and iden-
tical inputs can produce different execution paths. The empirical runtime measurements
reported above (mean: 40.2 min, SD: 4.8 min, n = 12) therefore provide a more meaningful
performance characterization for these non-deterministic components.

Concurrency Management

Concurrency management was explicitly handled in the OOP variant through manual
thread management and synchronization, leading to increased development effort and
complexity. Conversely, the AcOP implementations (AcOP and AcOP + AAG) simplified
concurrency significantly through implicit, centralized thread coordination managed by
the scheduler and guards, effectively reducing synchronization overhead and concurrency-
related development effort.

Error and Fault Management

The OOP implementation required explicit manual handling of error conditions and
lacked systematic mechanisms for fault isolation, increasing the likelihood of human errors
and oversight. The AcOP-based implementations demonstrated robust error isolation
through the atomic execution of actions and guard-based execution conditions, effectively
preventing propagation of errors throughout the system. However, the implicit nature of
AcOP’s error management made debugging somewhat more challenging due to limited
tooling and practical support.

Modularity and Adaptability

The modularity of AcOP-based implementations surpassed the OOP implementa-
tion. AcOP clearly separated logic and data states within self-contained actions, enabling
seamless updates, replacements, and integration of new components. In contrast, the OOP
variant’s tightly coupled classes limited modularity and adaptability, requiring significant
effort for component modifications or additions.

Scalability

Scalability testing involved incremental workload increases from 3 to 18 concurrent
tasks across multiple experimental runs. All three implementations demonstrated accept-
able scalability, with distinct trade-offs. AcOP-based systems allowed easy addition of new
actions due to their modular and additive architecture; however, increasing complexity
arose from managing guards explicitly as application complexity scaled. In comparison,
the OOP implementation required careful architectural restructuring for scalability, placing
higher demands on developer expertise.

Implementation Complexity

Implementation complexity was highest for AcOP-based implementations due to the
steep learning curve and the necessity of arranging workflows using guards, resulting
in increased initial development complexity. The OOP implementation demonstrated
moderate complexity, given developers’ familiarity with explicit synchronization methods
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and sequential structures. AcOP + AAG notably reduced implementation complexity,
automating significant portions of configuration and participant-role matching through
generative agents.

Explainability and Transparency

Without AAG, the system is more explainable and transparent, as workflows and
guard mechanisms are explicitly defined and traceable. In contrast, AAG introduces opacity
due to its reliance on black-box LLM operations for tasks like guard generation and action-
participant matching, making validation more difficult even though individual agent logs,
outputs and actions are recorded for post-execution analysis, enabling traceability of agent
decisions and validation of automated logic flows. This trade-off between automation and
explainability requires careful consideration in critical applications.

6.1. Summary of Comparative Results

Table 3 summarizes the evaluation outcomes, clearly derived from the experimental
results:

Table 3. Comparative evaluation summary of OOP, AcOP, and AcOP + AAG implementations. Qual-
itative ratings are based on profiling data, code-review assessments, and experimental observations
detailed in Section 6.

Evaluation Metric OOP AcOP AcOP + AAG

Runtime Efficiency High Medium Low
Computational Complexity O(N · n) O(a · n + I · a · r · p) Non-det.
Concurrency Management Medium High High
Error and Fault Management Basic Robust Robust
Modularity and Adaptability Low High High
Scalability Medium Low High
Implementation Complexity Medium High Medium
Explainability and Transparency High High Low

Overall, the AcOP paradigm notably enhanced modularity, concurrency management,
error handling compared with conventional OOP, despite incurring runtime overhead,
guard complexity, and increased initial implementation complexity. The integration of
AAG further improved modularity, scalability, and substantially reduced implementation
complexity through automated agent-based configuration tasks; however, this introduced
significant runtime overhead and reduced explainability due to reliance on opaque LLM
processes. These trade-offs highlight the importance of balancing automation benefits
against transparency and performance considerations in practical applications. The AAG
Analyzer component, operating independently from the programming paradigms, success-
fully demonstrated automated domain-specific analysis capabilities that enhance RCA and
RA workflows beyond the core programming paradigm benefits.

6.2. AAG Analyzer

The AAG Analyzer operated independently of programming paradigm metrics, pro-
viding automated preliminary analysis for RCA and RA workflows through its four-stage
process (Planning, Execution, Validation, Presentation).

Key Performance Outcomes:

• Dynamic Adaptation: Successfully generated domain-specific agents based on data
characteristics—process optimization agents for yield data, compliance analysts for
quality metrics

• Workflow Integration: Effectively bridged data collection and analysis phases, reduc-
ing time gaps between data availability and actionable insights
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• Validation Accuracy: Multi-stage validation ensured statistical rigor and domain
relevance of generated insights

Limitations: Similar to AAG Coordinator, introduced transparency challenges due to
black-box LLM operations, requiring additional validation steps in critical applications.

7. Discussion
The experimental evaluation demonstrates clear benefits of integrating AcOP and AAG

over conventional OOP for decentralized data collection systems, albeit with distinct trade-
offs. It is important to note that AcOP remains an under-researched programming paradigm
with limited industrial applications for direct comparison. AAG represents an emerging
approach where comparative benchmarks are primarily internal to specific application do-
mains. The focus of this research is on demonstrating framework capabilities and workflow
improvements rather than performance optimization against established competitors.

7.1. Interpretation of Findings

Our findings directly address the challenges identified in RQ1, revealing four primary
issues in semiconductor data collection: data fragmentation across decentralized systems,
scalability limitations, synchronization overhead, and adaptability constraints that delay
RCA and RA processes.

The AcOP-based design (RQ2) improved modularity and flexibility through loosely
coupled actions, each encapsulating its own logic, roles, and conditions. This modular
structure enabled easier adaptation to changes and better separation of concerns, especially
in distributed environments with varying data sources. However, this came with runtime
trade-offs (8.17 s vs. 3.93 s for OOP) and increased initial implementation complexity due
to the paradigm’s learning curve.

By incorporating AAG into the AcOP framework (RQ3), automation was significantly
enhanced through dual advantages: automated participant-role matching and guard gen-
eration, plus bridging data collection and preliminary analysis phases. Intelligent agents
generated using LLMs successfully minimized manual configuration, reducing develop-
ment effort while improving maintainability and scalability. The AAG Analyzer component
demonstrated particular value in automating preliminary data analysis, essential support
for RCA and RA workflows in semiconductor manufacturing environments where data
variability across production cycles requires adaptive analytical approaches.

7.2. Comparison with Conventional Approaches

The results reinforce that conventional OOP systems, although widely used, are less
suitable for dynamic, decentralized scenarios due to their rigid architecture and high co-
ordination overhead. The combined AcOP + AAG approach (RQ4) achieved enhanced
scalability, improved fault tolerance through atomic action execution, and reduced op-
erational overhead—directly addressing semiconductor manufacturing’s need for rapid
response to production issues through microservice architecture benefits.

The AcOP + AAG implementation significantly reduced the manual effort required in
managing complex decentralized workflows. In contrast to static implementations, this
agent-driven design improved responsiveness to changing system conditions and reduced
human workload during development and system expansion. Nevertheless, the black-
box nature of the LLM-based agents decreased system explainability and transparency,
making debugging and validation challenging. This poses risks in scenarios requiring
high transparency, rigorous validation, and trustworthiness, such as critical manufacturing
processes or safety-critical applications.
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7.3. Implications for Research and Practice

From a practical perspective, adopting AcOP and AAG presents clear advantages in
flexibility, maintenance, and scalability, especially in complex semiconductor manufactur-
ing environments. However, practical adoption necessitates infrastructure optimization
and careful management of transparency risks inherent in generative AI components.

The broader organizational impacts (RQ5) include shifted workforce skill requirements
toward declarative programming concepts, reduced inter-team coordination overhead, and
strategic advantages through faster adaptation capabilities, though requiring investment in
validation frameworks for critical applications.

Theoretically, this research contributes to advancing both AcOP and agent-based
software design. While AcOP’s formal foundations have existed for decades, its application
in modern, distributed computing contexts has remained limited. This work provides an
updated use case demonstrating its practical relevance, while LLM-based agents expand
the role of AI in programming paradigms.

7.4. Limitations

This study was conducted in a controlled simulation environment with historical
data and predefined workloads. While these conditions were designed to reflect realistic
challenges, real-world deployments may involve additional uncertainties such as data
quality issues, real-time data streaming, infrastructure limitations, or integration constraints.
Additionally, LLM infrastructure dependencies introduce potential model drift concerns,
and agent training requires significant lead times that may limit real-time responsiveness.

7.5. Future Work

Agentic systems, especially AAG, are highly adaptable and can be helpful in domain
knowledge-intensive areas, workflows, component matching such as resources-services
and their management. AAG use-case examples can be examined in broader perspectives
including preliminary analysis, workflow optimizations and bottleneck identifications.
Future work should examine improving the runtime efficiency of the AAG approach
through optimization techniques such as caching, continuous agent learning, real-time
role adaptation, periodic pre-computation, using lightweight models for less complex
subtasks, and broader integration with external data ecosystems. Furthermore, enhancing
the transparency and explainability of agent-generated decisions remains an essential di-
rection for research. Extending evaluations beyond semiconductor manufacturing to other
domains, such as healthcare, IoT, and logistics, would further validate the generalizability
of these frameworks.

8. Conclusions
This study investigated the integration of AcOP and AAG to address challenges

in decentralized data collection supporting RCA and RA processes in semiconductor
manufacturing. Three software implementations—OOP, AcOP, and AcOP + AAG—were
systematically evaluated across several performance and complexity metrics.

The findings indicate that AcOP substantially improves modularity, concurrency
management, error isolation, and adaptability compared with conventional OOP designs,
despite moderate runtime overhead and higher initial implementation complexity. The
additional integration of AAG significantly reduces manual effort and enhances system
scalability through automated participant-role matching and guard generation. However,
the automation introduced notable runtime inefficiencies due to the iterative process-
ing–evaluation loop of the AcOP paradigm and agent generation, and reduced system
transparency due to reliance on black-box LLM components.
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The AAG Analyzer component specifically addressed the critical gap between data
collection and analysis, providing domain-specific insights that streamline RCA and
RA workflows.

The contributions of this work are both theoretical and practical. It extends the
applicability of AcOP in modern software design and introduces AAG as a viable tool for
automating complex development tasks using LLMs. The findings suggest that such an
integrated framework can reduce development complexity while supporting adaptive and
autonomous data pipelines.

Future research should further explore and validate the integrated AcOP-AAG frame-
work, optimizing its balance between automation, transparency, and performance across
diverse application domains.
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Abbreviations
The following abbreviations are used in this manuscript:

RCA Root Cause Analysis
RA Risk Assessment
QA Quality Assurance
AcOP Action-Oriented Programming
AAG Automatic Agent Generation
LLM Large Language Model
OOP Object-Oriented Programming
8D Eight Disciplines
API Application Programming Interface
GUI Graphical User Interface
FP Functional Programming
EDP Event-Driven Programming
AOP Aspect-Oriented Programming
DisCo Distributed Cooperation
TLA Temporal Logic of Actions
HPC Holistic Product Check
IoT Internet of Things
ETL Extract, Transform, Load
RAG Retrieval-Augmented Generation

Appendix A. Action-Oriented Programming (AcOP) Generic
Implementation
Appendix A.1. Actions Generic Implementation

The following class demonstrates the generic implementation of actions in AcOP.
Actions define the system’s functionality, containing a set of roles, guards, and a body.
Listing A1 presents the Action class implementation.

Listing A1. Action Class.

class Action:
"""Defines an action in AcOP."""
def __init__(self, name: str, required_roles: List[str],

common_guard: Union[Callable, bool] = False):
self.name = name
self.required_roles = required_roles
self.common_guard = common_guard
self.participants: Dict[str, Participant] = {}

def check_guards(self) -> bool:
"""Check if all guards (common and local) are satisfied."""
if not self.participants:

return False
if callable(self.common_guard) and not self.common_guard(self.participants)

:
return False

return all(
callable(participant.local_guard) and participant.local_guard()
for participant in self.participants.values()

)
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Listing A1. Cont.

def body(self):
"""Defines the action core logic."""
raise NotImplementedError("Body method must be implemented.")

def execute(self):
"""Executes the action if guards are satisfied."""
if self.check_guards():

results = self.body() # Execute logic
for participant in self.participants.values():

participant.set_state(self.name, results)
return results

else:
print(f"Action {self.name} skipped due to failed guards.")

return None

Appendix A.2. Participants-Objects Generic Implementation

The following class demonstrates the generic implementation of participants-objects
that hold data and state in AcOP. Participants-objects store the data state and participate in
actions based on their roles. Listing A2 presents the Participant class implementation.

Listing A2. Participant Class.

@dataclass
class Participant:

"""Represents a participant-object in AcOP."""
def __init__(self, name: str, data_name: str = None, params: Optional[Dict] =
None,

roles: Optional[List[str]] = None, local_guard: Union[Callable,
bool] = False):

self.name = name
self.data_name = data_name if data_name is not None else name
self.params = params if params is not None else {}
self.roles = list(set(roles)) if roles else [] # Ensure unique roles
self.local_guard = local_guard
self.state: Dict[str, Any] = {} # Stores participant states
self.locked = False
self.data: Optional[Dict] = None # Tabular data or equivalent
self.figure: Optional[plt.Figure] = None # Optional Matplotlib figure

def update_roles(self, new_roles: List[str]):
"""Add new roles dynamically."""
self.roles = list(set(self.roles).union(new_roles))
print(f"Updated roles for {self.name}: {self.roles}")

def set_state(self, action_name: str, results: Any):
"""Update the participant’s state with action results."""
self.state[action_name] = results
if isinstance(results, plt.Figure):

self.figure = results
elif isinstance(results, (dict, list)):

self.data = results
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Appendix A.3. Scheduler Generic Implementation

The following class demonstrates the generic implementation of the scheduler in AcOP.
The scheduler manages the execution of actions, ensuring concurrency and synchronization.
Listing A3 presents the Scheduler class implementation.

Listing A3. Scheduler Class.

class Scheduler:
"""Manages the scheduling and execution of actions."""
def __init__(self):

self.actions = [] # List of actions
self.participants_pool: Dict[str, Participant] = {} # Pool of participants
self.executed_actions = set() # Tracks completed actions

def add_participant(self, participant: Participant):
"""Add a participant to the pool."""
self.participants_pool[participant.name] = participant
print(f"Added participant {participant.name}")

def add_action(self, action: Action):
"""Schedules an action."""
self.actions.append(action)
print(f"Added action {action.name}")

def match_participants(self, action: Action):
"""Assigns participants to an action based on required roles."""
action.participants = {

role: participant for role, participant in self.participants_pool.items
()

if role in action.required_roles
}

def execute(self):
"""Executes all scheduled actions."""
for action in self.actions:

self.match_participants(action)
action.execute()

Appendix A.4. Workflow Example

The following workflow demonstrates the interaction between participants, ac-
tions, and the scheduler in the HPC application. Listing A4 presents a complete
workflow example.

Listing A4. Workflow Example.

# Step 1: Define Participants
participant_a = Participant(name="Database1", roles=["Role1"])
participant_b = Participant(name="Database2", roles=["Role2"])

# Step 2: Define Actions
def common_guard_example(participants):

return True # Example always-true guard

action_x = Action(name="ActionX", required_roles=["Role1"], common_guard=
common_guard_example)
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Listing A4. Cont.

action_y = Action(name="ActionY", required_roles=["Role2"], common_guard=
common_guard_example)

# Step 3: Initialize Scheduler
scheduler = Scheduler()
scheduler.add_participant(participant_a)
scheduler.add_participant(participant_b)
scheduler.add_action(action_x)
scheduler.add_action(action_y)

# Step 4: Execute Workflow
scheduler.execute()

Appendix B. AAG Analyzer Implementation
The AAG Analyzer processes HPC-collected data through a structured four-stage

workflow to generate preliminary insights for RCA and RA processes.
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Figure A1. Four-stage execution workflow of the AAG Analyzer: Planning, Execution, Validation,
and Presentation.

Appendix B.1. AAG Component Input/Output Overview

Table A1 details the input, output, and concrete data examples for each stage of
both AAG components (AAG Coordinator and AAG Analyzer), drawn from the HPC
application execution with product PID_123456.
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Table A1. Input, output, and concrete examples for each stage of the AAG Coordinator and AAG
Analyzer, based on HPC application execution with product PID_123456.

Component Stage Input Output Example

AAG Coordinator Matching

Actions with
required roles;
participants with
assigned roles

Action-to-
participant
mapping

Sys. 1: extract_log
→ WebResource
Sys. 2:
extract_quality
→ DBResource

Guard Gen.
Action–participant
pairs, participant
states

Boolean guard per
action

Sys. 1: True (source
available)
Sys. N: False
(awaiting type ID)

Validation
Generated
matchings and
guards

Validated
matchings with
corrections

extract_quality
needs role
DBReader;
DBResource
confirmed; no gaps

Execution
Validated guards,
matched
participants

Results stored in
participant states

Iter. 1: Sys. 1, 2 run
(guards met)
Iter. 2: Sys. N runs
after dep. resolved

AAG Analyzer Planning

Collected data from
System 1− N (e.g.,
700 records, 12
documents, 48
monthly entries)

Analysis types,
roles, key metrics,
data categories

Types: statistical,
optimization
Roles: Data
Analyst, Process
Eng.
Metrics: yield rates,
defect counts

Execution

Analysis plan;
collected data;
specialist agents
(delegation + code
exec.)

Per-agent
role-specific
insights

Yield: mean 95.2%,
SD 2.1
Defect density:
0.05/wafer
Yield – cycle time
corr. found

Validation
Execution results;
Statistical Validator
and Insight Verifier
agents

Verified and
domain-checked
results

CIs verified;
methodology
validated against
industry standards

Presentation
Validated results;
Technical Writer
agent

Structured
markdown report

Sections: Executive
Summary, Yield
Analysis, Defect
Density,
Recommendations

Appendix B.2. Agent Specifications

Table A2 details key agent roles and operational prompts.

Table A2. AAG Analyzer Key Agent Specifications.

Agent Role Tasks Operational Prompt

Analysis Manager
Orchestrates workflow, identifies
data patterns, assembles agent
teams

“Analyze the data structure to
identify key patterns. Generate
specialized agents based on
analytical requirements and
define their tasks.”

Automatically Generated Agents Generated by Analysis Manager Generated by Analysis Manager

Statistical Validator
Validates the statistical rigor of
correlations, regression models,
and confidence intervals.

“Evaluate statistical models to
ensure accuracy and highlight
potential improvements.”

Domain Expertise Validator
Ensures insights align with
semiconductor industry
standards and best practices.

“Assess the feasibility and
practicality of recommendations
within the manufacturing
domain.”

Technical Writer
Compiles the findings into a
professionally formatted
markdown report.

“Structure the report with
sections like Executive Summary,
Key Findings, and
Recommendations.”
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Appendix C. Computational Complexity

Table A3. Computational complexity of core algorithmic components. Each check system (Sys-
tem 1 through System N) decomposes into multiple actions (a > N). Data processing stages are
common to all implementations; AcOP adds scheduler overhead. LLM-based AAG components
are non-deterministic.

Component Complexity Variables

Data extraction (per source) O(n) n = records in the source
Data postprocessing O(n) n = records in the dataset
Visualization O(n) n = data points

OOP total O(N · n) N = check systems, n = records

AcOP action execution O(a · n) a = total actions (a > N)
AcOP participant matching O(r · p) per action r = roles per action, p = participants
AcOP guard evaluation O(r) per action r = roles per action
AcOP scheduler (per iteration) O(a · r · p) a = remaining actions
AcOP scheduler (total) O(I · a · r · p) I = iterations (≤a, dependency depth)
AcOP combined O(a · n + I · a · r · p) Action execution + scheduler overhead

AAG matching/guard gen. Non-deterministic LLM inference, variable context length
AAG Analyzer Non-deterministic Dynamic agent count, LLM inference
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