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ABSTRACT: The web-based High-Performance Computing (HPC) platform provides a simulation environment that
enables users to perform computational science and engineering tasks through web services, thereby eliminating the
need for complex terminal-based environments. Notwithstanding the aforementioned advantages, extant platforms
frequently necessitate a considerable degree of user expertise, whilst the intricacy of simulation configuration and
execution engenders limitations in terms of accessibility and usability. Furthermore, while Retrieval-Augmented
Generation (RAG)-based systems are effective for information retrieval, they are insufficient for accurately constructing
and invoking executable service tools. In order to address these limitations, this study proposes a user agent system
integrated within a web-based HPC simulation environment, said system being based on an LLM. The proposed system
enhances user understanding of available applications and execution workflows, and supports precise configuration
and execution of simulations. In order to facilitate practical service tool invocation, the system integrates Model
Context Protocol (MCP)-based service tools and introduces an ontology-driven approach for object normalization
and relational definition. The system leverages the structured relationships among service tools, transforming LLM
outputs into actionable and accurate inputs for service execution. The experimental results demonstrate that the
proposed approach significantly improves the accuracy of MCP-based service tool invocation and the appropriateness
of responses when compared to conventional RAG-based methods. The proposed system enhances the accessibility and
usability of HPC platforms and provides a practical framework for LLM-driven service automation.

KEYWORDS: HPC platform; ontology; RAG (retrieval-augmented generation); LLM (large language model); model
context protocol (MCP)

1 Introduction

The web-based High Performance Computing (HPC) platform [1], hereafter referred to as Edison-1,
provides a suite of services that facilitate the execution of simulations across a range of computational
science and engineering domains via the internet. This platform also enables the sharing of resulting data.
Each user is able to register computational simulation applications across a range of fields and execute
computations by allocating HPC resources to run the simulations [2,3]. While this platform provides a user-
friendly web-based simulation environment, it is acknowledged that new users may encounter difficulties in
comprehending the system in its entirety upon initial access. Moreover, given the character of computational
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science and engineering, the execution of applications in fields other than one’s primary specialization neces-
sitates a breadth of specialized knowledge and an appreciation of the execution environment. In addition,
a rigorous analysis and verification of input and output values is required, with particular reference to the
professional domain. Consequently, to enhance user accessibility, usability, and platform comprehension, a
new component was designed and built. This incorporates a user service execution component based on the
widely used Large Language Model (LLM) to increase new user adoption and execution rates.

In addition to the fundamental platform functions, it is imperative to analyze user-specific trends
in applications available on the user-executable simulation system. Furthermore, it is essential to identify
computational science simulation information that is usable on the platform, and to provide users with an
interactive simulation platform. The selection of appropriate options should be made based on the diverse
data and simulation calculation application information currently provided by the platform. The utilisation
of artificial intelligence (AI) algorithms, meticulously tailored to the data, enables platform-based data to
recommend appropriate simulation data [4], consequently, the platform-based data must provide LLM
results to enable appropriate data and application selection, task execution, and result analysis based on user
prompts. Consequently, this study established a Retrieval-Augmented Generation (RAG) environment based
on diverse simulation input/output data, registered datasets, and simulation applications. The construction
of the system was undertaken with the objective of yielding appropriate results in accordance with the input
prompts, incorporating each data type.

Existing services that utilize LLMs are susceptible to confirmation bias and inherent biases. The
propagation of the problem is continuous once a misguided judgment has been made [5]. Moreover, if the
system is found to be systematically misinterpreting user queries, this will inevitably lead to the perpetuation
of errors, as it will generate responses to novel inquiries based on the input/output of prior user queries [6].
Consequently, users may be more prone to execute services based on erroneous information and make
erroneous judgments [7]. In the event of the development of service features being confined to the handling
of general queries, the likelihood of the entire service being misused due to an LLM’s erroneous response
would be minimal. This is due to the fact that users exclusively utilize queries based on manuals for the
LLM on the platform. Consequently, even in the event of an incorrect response, no significant problems
are experienced by the platform itself. However, if the service is required to execute platform functions and
reflect the execution results on the platform, a service environment is established in which a single error
can propagate exponentially and contaminate the entire platform [8]. Consequently, procedural stability is
imperative, facilitating the utilization of platform functions with minimal errors through accurate judgment
and procedures for each user query. In order to enhance this stability, the present paper has designed precise
service integration by combining results based on user queries with an ontology-enhanced LLM system
model. The ontology-enhanced LLM system was utilized to define the services that were to be invoked on
the actual platform, in addition to the definitions of linked services. These definitions were then applied to
the model.

The present paper sets out the development of an LLM agent system that is capable of handling a variety
of user queries. This objective is realized through the integration of data generated by simulation functions
provided by an existing high-performance computing (HPC)-based computational science and engineering
simulation platform into an RAG structure via an LLM agent. This enhancement is designed to facilitate
enhanced user comprehension and accessibility to the diverse range of services utilized within the simulation
system. Furthermore, we periodically converted the diverse data continuously generated by the currently
operational HPC platform into a vector database in order to build a RAG system incorporating this data.
The RAG system has been developed to facilitate the real-time viewing and processing of diverse data and
user simulation information by users. Finally, to establish a connection between the process handling diverse
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user requests for executing and processing actual simulation services within the real-user query processing
segment, an MCP server was defined. The establishment of an agent-based execution simulation service,
linked to the existing platform service server, was undertaken. In order to define executable services on the
MCP server and link them, a structured result processing process is required, rather than an LLM agent
service with general user query routines. In order to process queries in a manner consistent with existing
simulation execution services, the presence of structured result data for standardized user queries is essential.
The processing of ontology-based simulation is imperative in order to define the structured result data, as
well as the existing platform’s structure and linkage process. The present paper sets out to define an ontology-
based platform and standardize result data as one processing step, with a view to structuring result data for
user queries.

The structure of this paper is as follows.

o Section 2 provides a detailed exposition of the structural characteristics of extant HPC platforms, LLM
agent systems, and the MCP system for service execution.

o Section 3 of this text provides a comprehensive overview of the design and implementation of the
process for building and executing services. This is achieved by integrating LLM agents into the
established HPC platform.

o Section 4 conducts quantitative and qualitative evaluations of results for actual user prompt queries and
assesses data suitability for executing real simulation services.

o  Finally, Section 5 provides a balanced analysis of the advantages and disadvantages of the LLM agent
service built on the actual HPC platform, while also discussing the limitations of the service and
potential future research directions.

2 Backgrounds

2.1 Web Based HPC Platform

EDISON-DATA is a flexible and scalable data management platform designed to efficiently process
and analyse large-scale computational science data. The software in question provides integrated support
for diverse simulation results and workflows [9], The EDISON platform’s integrated file management
service has been demonstrated to enhance reproducibility and user convenience in computational science
research. This is achieved by connecting heterogeneous computational resources and user tasks in a
web-based environment, consistently providing data storage, access, and sharing [10]. Furthermore, the
EDISON platform is a system that systematically analyses key functional elements affecting computational
science and engineering user satisfaction based on its structure, which comprises the user interface, system
reliability, service support, and computational resource accessibility [11]. The EDISON platform facilitates
the integration of high-performance computational resources with the user environment through its web-
based simulation execution structure. It has been developed to provide functions that enhance simulation
execution efficiency and learning and research usability [12]. The present study builds upon the continuous
development and refinement of the EDISON platform, a web-based high-performance computing (HPC)
platform that has been systematically designed and evolved to support simulation execution for computa-
tional science and engineering applications requiring high-performance computing resources. The primary
users of HPC platforms are general users, administrators and developers who create applications for HPC-
based computational tasks. The following Fig. I illustrates the overall structure of the HPC platform that has
been established thus far:
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Figure 1: HPC platform architecture.

As demonstrated in Fig. 1, the simulation users have the capacity to access simulations through clients
in a variety of simulation environments. The fundamental simulation environment furnished to users is
equipped to facilitate HPC-based simulations, contingent upon the user’s selected environment. Moreover,
the simulation provides execution environments according to user selection, based on various applications
registered on the platform. The system delivers appropriate system components as services, tailored to each
configuration and execution environment within the infrastructure’s runtime environment. The system is
configured to run based on container images that define the user’s settings and the various libraries or
environmental elements required by the registered applications. In essence, applications registered on the
HPC platform are characterised by a simulation environment that is fundamentally based on container
images. The platform is constructed to incorporate services associated with these image management
processes, data management, and automated build and deployment.

2.2 LLM (Large Language Model) Based Agent System

LLM agent services are having a profound impact across diverse industries and web environments [13].
In particular, all web-based services are now essentially incorporating LLM agent services as a fundamental
component, and these systems are increasingly being adopted to enhance user convenience and expand
service usage [14]. Moreover, the advent of the RAG architecture—which capitalises on pre-existing trained
LLMs and integrates additional data with queries—has established a theoretical and empirical basis for the
incorporation of versatile services. This facilitates the deployment of more specialised AI agents, which is a
significant advancement beyond the mere retraining of a single LLM for service deployment. Furthermore,
in the event that executable services exist that can be accessed through user queries using agents, the Model
Context Protocol (MCP) can be defined. The protocol in question facilitates the execution of practical
services and the subsequent return of results. It facilitates the incorporation of a more sophisticated system
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that extends beyond rudimentary responses to user queries, incorporating the process of establishing
connections with actual service tools.

2.2.1 RAG (Retrieval-Augmented Generation) System

Existing pre-trained LLM models necessitate substantial financial expenditure and resource consump-
tion for training and optimisation purposes. Moreover, as LLM models themselves tend to grow increasingly
large, retraining these models is inefficient. Notwithstanding optimisation for querying in conjunction with
extant systems, there remains the disadvantage of constant retraining with new data to adapt to system data
that is being generated continuously. Consequently, as opposed to the retraining of existing models, a system
that supplies supplementary reference data to the model itself-namely, reference data for the purpose of
responding to user queries—is designated RAG (Retrieval-Augmented Generation).

RAG signifies a process where an LLM retrieves relevant evidence from an external knowledge
repository before generating an answer, augments that evidence into the context, and then conditionally
generates the answer based on that augmented context [15]. This technique addresses the limitations of
knowledge relying solely on model parameters and the typical LLM characteristic of failing to reflect the
latest information in real time. The incorporation of real-time information input is intended to facilitate the
delivery of the most appropriate and up-to-date responses to users.

The most recently prevalent form is the token-based RAG model. In this model, a different latent
document is selected for each output token. At each decoding step, the generator marginalises over the top-K
retrieved documents, thereby allowing token-level conditioning on multiple documents. The formula that is
pertinent to this discussion is as follows:

N
PrAG-Token (¥ | X) ~ [ ] Yo bzl x) pe(yi | %2 yriic)- o)

i=1 zetop-K(p(-|x))

Concretely, the top K documents are retrieved using the retriever, and then the generator produces a
distribution for the next output token for each document, before marginalizing, and repeating the process
with the following output token [15].

RAG is capable of responding to user queries based on the latest data without the need for retraining
parameters. Existing pre-trained LLMs provide responses to queries without reflecting the latest information,
leading to incorrect responses to queries based on recent events. Consequently, it is capable of updating
importance based on the latest information and supporting diverse searches for time-sensitive queries [16].
Furthermore, RAG has been demonstrated to reduce hallucinations in LLMs and to appropriately find
evidence, as referenced in [17]. This renders it a viable solution to address inherent model issues. Recent
studies have proposed methodologies for mitigating hallucinations in LLMs through the utilisation of
RAG, encompassing the iterative application of retrieval and generation processes [18,19], the delineation of
workflows for the detection of hallucinations within RAG systems, the adjustment of internal probabilities
to mitigate them, and the incorporation of verification modules based on evidence.

A significant benefit of utilising RAG systems is their capacity to facilitate the development of systems
that can generate domain-specific responses without necessitating retraining of the LLM. Specifically, the
system is employed in a variety of ways, including the construction of RAG systems based on specific
company internal information or time-sensitive queries [20], and the creation of systems optimised for
specialised domains such as the biomedical field [21,22]. In order to surmount the limitations of prevailing
LLMs, RAG systems are being employed across a range of disciplines. The generation of user responses is
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predicated on the provision of supplementary information derived from the most recent data or domain-
specific data. This approach offers the advantage of reducing the resources and costs required for retraining
the model itself. Consequently, RAG systems can be readily incorporated into existing platform services.

2.2.2 Model Context Protocol (MCP) System

The Model Context Protocol (MCP) is a protocol that facilitates interaction between large language
models (LLMs) and external systems, domain services, or executable functions and structures. The use of
MCP facilitates the connection of Al applications such as Claude or ChatGPT to a variety of data sources,
including local files and databases, as well as tools such as search engines and calculators. In addition, these
applications can be integrated into workflows, utilising specialized prompts to access crucial information
and perform designated tasks. This capability is a significant advancement in the field of AI and has been
extensively researched, as evidenced by the extensive bibliography provided in reference [23]. The MCP was
initiated by Anthropic in November 2024.

The MCP server enables the MCP host and client to access external systems and execute operations,
offering three core capabilities: tools, resources, and prompts. Tools in MCP enable the server to invoke
external services and APIs to execute operations on behalf of AT models. When a host application (such as
an Al assistant) needs to perform an operation, it first queries the MCP server through the client to obtain
the list of available tools and their capabilities. Based on the task context, the host then selects an appropriate
tool and issues an invocation request via the client. Resources provide access to structured and unstructured
datasets that the MCP server can expose to Al models. Prompts are predefined templates and workflows that
the MCP server generates and maintains to optimize Al responses and streamline repetitive tasks [24]. The
structure is illustrated in the following Fig. 2:
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Figure 2: MCP architecture [24].

It is a common occurrence that MCPs possess a compendium of tools that can be utilised in conjunction
with LLMs, which are endowed with predefined tool lists. The search for the appropriate tool is initiated in
response to the user query, and the resultant list of available tools is returned. The system then selects these
available tools, properly normalises the required information, calls external tools or service APIs, and returns
a structured response for that call. Consequently, it can be regarded as a system defined as a protocol that
invokes the relevant external service in response to the user’s query and delivers the result to the user [25].
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2.3 LLM Based Ontology

LLMs are inherently prone to hallucination issues in response to queries, with the potential for these
hallucination problems to propagate according to the Chain-of-Thought (CoT) technique as outlined in the
reference [26]. Consequently, a range of studies have sought to address this issue by employing existing,
standardised prompting techniques for LLMs. Among these studies, research has been conducted to improve
data normalisation and accuracy by utilising ontology-based Large Language Models and leveraging the
results from each model. Recent studies in the field include research demonstrating that LLMs have the
capacity to automatically learn ontologies from natural language text, thereby capturing complex linguistic
patterns to structure domain knowledge as a tool [27]. In addition, research has been conducted on
generating ontology drafts based on user requirements and stories using LLMs [28]. Moreover, studies
have demonstrated that defining ontology quality refinement using ontologies enables LLMs to assess and
supplement the logical quality at the ontology meta-level [29]. Research has also been undertaken to achieve
greater accuracy than traditional engines in complex cases by identifying conceptual correspondences
between different ontologies using an LLM-based matching system [30].

A plethora of endeavours have been undertaken to address issues such as hallucinations or problems
arising from the chain of reasoning in extant LLMs using ontology techniques. Ontology can be regarded
as a structured knowledge representation method that systematically specifies concepts, attributes, and
relationships within a specific domain. In the field of information science, it is defined as a specification that
defines semantic relationships between concepts, thereby enabling computers to understand and process
knowledge. It is an established characteristic of such ontologies that understanding ontologies has the
capacity to provide the semantic structure of knowledge. The generation of ontology-based knowledge
graphs through the utilisation of LLM query results facilitates the support of high accuracy, class labeling,
and logical consistency verification [29].

A plethora of ontology-based studies on LLM have been conducted. Recent studies have demonstrated
that the integration of knowledge graphs with large language models (LLMs) can mitigate hallucination and
enhance the precision of reasoning by utilising external structured information [31]. Furthermore, there
exist studies that have proposed frameworks for integrating ontologies and LLMs into a RAG architecture
to augment semantic consistency and knowledge-based reasoning capabilities [32]. Additionally, research
has been conducted that proposes a biomedical code mapping method using OntologyRAG to concurrently
enhance the search accuracy and processing speed of RAG by leveraging ontology-based knowledge
graphs [33].

In this research, a RAG system linked to an HPC platform was built, and an AI agent system was
constructed to connect user queries with simulation service tools available on the platform. In order to verify
the logical consistency of each LLM’s responses to user queries, an ontology-enhanced LLM system service
was additionally utilized. Specifically, it structured responses to user queries in a manner that aligned with
the platform’s data format, thereby facilitating linkage with the platform’s service tools.

3 Ontology Based RAG System

The present study has developed an Al agent based on an existing HPC-based web platform, established
a process capable of merging data generated in real time, and constructed a workflow to optimise the selection
and linkage of appropriate service tools in response to user queries. This objective was realised through the
utilisation of an ontology-enhanced LLM system. Specifically, to provide accurate Al responses and service
tool integration based on user queries, intermediate associations were established and relationships were
defined/built using a knowledge graph. This approach has been demonstrated to resolve issues inherent in
existing LLMs, such as hallucination and static data generation. A process for precise service tool integration
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was provided, and a service was built that responds to user queries and executes HPC simulations by linking
with various services required for simulation execution.

The existing High-Performance Computing (HPC) platform is responsible for the hosting of applica-
tions in the domain of computational science and engineering, the utilisation of which is registered by a
variety of users. Furthermore, users are at liberty to execute simulations for each application. These simu-
lations can be executed within an existing project or a new project. Consequently, utilising this framework,
an analysis of user queries was conducted, resulting in the construction of a vector database that facilitates
the integration of the HPC platform with the LLM model. The database under consideration contains three
vector schemas. Utilising the extant relational database (RDB) as a foundational element, a RAG system
was constructed, with the RAG system linked to the language model (LM) via three integrated schemas:
The present document concerns an application, a project and a simulation job. Specifically, we employed
ontoGPT [34] from the GPT family, which is capable of extracting ontology-based information from
unstructured data and converting it into structured data that aligns with predefined ontology schemas and
knowledge structures. This enhancement fosters seamless integration with service tools, thereby facilitating
the precise invocation of designated service tools to execute simulation services.

3.1 Establishing LLM Agent Integration for HPC Platforms

The data utilised on the HPC platform is structured as a relational database, based on RDB, designed to
store data such as user work history when executing new applications, projects, or simulations. At present,
the platform has 249 registered applications, 336 projects, and 11,290 simulation jobs. It is important to
note that this data is updated in real time. Although applications and projects do not undergo substantial
growth, simulation jobs do exhibit a marked increase in data due to real-time execution by multiple users. In
consideration of the characteristics of the simulation platform, the study periodically schedules tasks based
on specific points in time to integrate data into the vector DB. Moreover, in the event of a simulation or
project being created in response to a user query, the corresponding history is included in the user’s agent
history. As illustrated in Fig. 3, the architecture of the LLM agent system is linked to the HPC platform.
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Figure 3: HPC platform architecture with Al agent.
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As demonstrated in Fig. 3, a range of services exists that can execute various platform services, with
the user interface acting as the starting point. It is evident that a controller for the simulation platform has
been integrated with the HPC cluster, with the purpose of executing large-scale computations on behalf
of the user services. The software also incorporates modules for user management and user access control
for each service. The services ultimately provided by the platform include the execution of simulation tasks
on the actual HPC cluster and the control of these tasks through user interface interaction. The software
offers a range of features designed to assist users in the effective configuration of available resources and
the establishment of simulation execution environments. Additionally, it facilitates the management of
simulation data. The present study proposes a real-time data merging service as a means of integrating these
services with agent services that utilise LLM. The service in question is responsible for addressing user queries
regarding the platform, providing information pertaining to the service environment, and facilitating the
execution of simulation services through its integration with compatible service tools.

3.2 Ontology Based RAG System

The process for handling user queries first utilizes an LLM router to perform necessary data analysis
and user query analysis for the initial query. Subsequent to this analysis, the system establishes a connection
to the relevant MCP tool for the requisite processing. In conclusion, the RAG system has been demonstrated
to generate a suitable response to the user in accordance with query analysis. The workflow in which the Al
agent responds according to the entire user flow can be represented as illustrated in the following Fig. 4.

& 2~  RDB to Vector DB Conversion Retrieval Augmented Generation

N T
\\ “/J ° >« Retrieve Relevant Information
IR (S * Answer User Queries
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<Relationship>

* Retrieve Relevant Information

User Queries 5
Q * Answer User Queries

Non-deterministic LLM Response
Figure 4: Ontology based MCP architecture.

Asillustrated in Fig. 4, the RAG system is configured using user queries and data converted into a vector
database based on various data types used in existing HPC platform services. When a user constructs a query
and submits it to an agent utilising an LLM, the system constructs a prompt alongside the vector-converted
data and transmits the query to the LLM. The LLM is capable of generating an appropriate response using
this data, creating its response based on the retrieved data and delivering it to the user. Moreover, the present
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vector DB maintains three schemas internally. The system must determine which schema to use for searching
the user’s query. The LLM also provides routing functionality to facilitate this decision.

Firstly, an LLM routing function has been developed to determine which vector schema should be used
as the basis for providing data according to the user’s query. The function of the RAG schema is to determine
which schema to search for data to include. This decision is the foundation for the incorporation of search
results from the designated schema into the RAG prompt. The subsequent transmission of these results and
the generation of an appropriate response for the user are then facilitated.

The second process employs additional vector data for search to standardise the LLM’s output data
based on ontoGPT, thereby enabling the creation of a predefined ontology-based knowledge graph. This
standardized data can then be linked to actual executable service tools, facilitating the selection of appropriate
service tools.

3.2.1 Differences from Previous Studies

Of the existing studies, the one that is most closely related is [33], which proposed a method of mapping
biomedical codes that utilises an ontology-based knowledge graph to improve the accuracy of searches and
the speed of processing in RAG simultaneously. Unlike conventional RAG approaches, this study did not
use a text similarity-based search. Instead, it constructed an ontology graph and used an ontology graph-
based search during the retrieval phase. In other words, the study’s contribution lies in supporting knowledge
graph-based searches defined by ontologies rather than vector-based similarity searches for user queries,
thereby enabling application to specific fields. Compared to existing RAG systems, this can be said to have
improved both accuracy and processing speed.

The method proposed in this study does not simply rely on RAG; it incorporates an ontology-based
process to define the relationships between RAG systems and the service tools defined within the platform.
This establishes the relationships between RAG systems and the service tools that must be invoked based on
the results generated by RAG.

Many existing ontology-enhanced LLM systems or knowledge graph-based RAG systems limit their use
of ontologies to semantic expansion or filtering during the search phase. Furthermore, most existing studies
employ a structure in which retrieval results are fed directly into the LLM with little consideration given to
whether the LLM’s response is relevant to the service tools. Additionally, due to the structural characteristics
of HPC platforms, various data formats exist. Unlike general prompts, the available data formats on each
platform are unique. Therefore, even if existing data is input into the LLM in RAG format, it is difficult to
obtain responses in the desired format. Even if an accurate response is received, there is no guarantee that
the associated service tools will be invoked correctly. Therefore, this study employs ontologies to address
the structural issues of RAG by defining structures related to specific situations, thereby enabling a precise
understanding of the platform’s architecture. In contrast, this study uses ontologies as a core module for
consistently normalising the representation of input data, not merely as search aids. Notably, this approach
differs from existing ones in that it minimises discrepancies between retrieved information and queries by
introducing an MCP-based structure to perform semantic alignment prior to model input.

Specifically, the contributions of this study are as follows:

«  We have designed an integrated framework that uses the MCP structure to align the semantic content
of retrieval results with queries.

«  Wehave proposed a new pipeline to mitigate semantic mismatch issues arising from existing RAG-based
approaches, as well as defining integration with service tools.
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Therefore, unlike existing ontology-based RAG or knowledge graph augmentation approaches, this
study aims to improve performance through structural enhancements ranging from user query processing
to actual service execution that go beyond simple information augmentation.

3.2.2 Definition of the Algorithm

The detailed process is described through the Algorithms 1-3. Algorithm 1 delineates the process of
analysing user queries by employing an LLM as a router function to define the necessary data schema and
other elements for the user’s intended question and response.

Algorithm 1: Query analysis and retrieval planning

Require: Query g, user context U, entity set C = {Job, Application, Project}
Ensure: Analysis object A(q) = (Cy, Ky, Fq, M)
: A(q) < LLMAnalyze(q)
if A(qg) is invalid then
C4 < RuleFallback(q)
K, <@, Fj« @, My < @
else
C,q < A(q).entity_types
K, < A(q).search_keywords
F, < A(q) filters
M, < A(q).mcp_tools
: end if

—

—
o

11: if FirstPerson(q) and U # & then

12:  Fy[created_by] < U

13: end if

14: if job_status € dom(F,) then

15:  F,[job_status] < v(F,[job_status])
16: end if

17: return A(q)

Algorithm 1 delineates the configuration of an LLM service that functions as a router, which determines
the schema to be utilised by the LLM for data analysis and user response. Specifically, it is an algorithm that
determines which data - from the three types of schemas (Job, Application, Project) currently built in the
Vector DB—should be retrieved and delivered to the user in response to their query. The prompt for the
query must determine which existing schema to use as the basis for the response. The function of this system
is to analyse which service tool should be selected for the user query, and thereby ultimately receive the final
result. Specifically, the final returned value A(q) = (C,, Ky, Fy, M) includes: The search schema is specified
by C,, the keyword is a key factor for searching that vector schema, K; the filter is represented by F; and
M, contains a list of service tools to execute based on the user query, along with the responses for those tools.

The subsequent Algorithm 2 facilitates the selection of the appropriate MCP tool in response to the
user’s query. It subsequently invokes the process to define and execute the precise platform behaviour, which
is then appended to the response according to the user query.
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Algorithm 2: OntoGPT-Augmented MCP tool selection
Require: g, M, V, U
Ensure: M, my,,

1A < Froue(g, M)

2R« Free(Voq| A U)

3: (0,8) < Gonto(R) A

4 Mg {meM|¢(m,q,AS,U)=1}

5: Mnay < arg  max  Spay(m,q, A, S, U)
mGMqﬁMnav

6: return M, mp,y,

The prevailing MCP configuration facilitates the dissemination of suitable responses to users in
accordance with LLM responses. A potential disadvantage of this configuration is the elevated probability
of LLM hallucinations and the possibility of inadequate utilisation of pertinent data in structured MCP
calls. Therefore, in order to address the aforementioned shortcomings and ensure accurate delivery of data
required by executable service tools, a process was defined that connects data and appropriate tools based on
ontology-based GPT. As with the Algorithm 2, the user query g, the available service tools M, the vector DB
V, U represents the user context, and A denotes the set of estimated vector database schema types derived
from the user query. It is proposed that M, can be regarded as the set of MCP service tools considered
executable for the user-input query g, the semantic normalization result S, and the user context U. The set of
dedicated navigation tools is denoted by m,,av. This tool is indispensable in executing the navigation tool for
specific data by default, thereby reflecting the user query flow within the selected tool set M. For instance,
to generate and execute a task based on a specific application, the M, for task generation is selected. It is also
responsible for generating the data necessary for the execution of the task, and, in essence, necessitates the
utilisation of a navigation tool to access the generated task. The program was structured to incorporate these
requirements, enabling an MCP tool invocation that includes two execution tools.

Algorithm 3 delineates the process of delivering a response to the user for their query, including the
result data based on the user’s query and the execution results of the MCP service.

Algorithm 3: Semantic RAG answer generation

Require: Query g, analysis A(q), embedding model E, databases {D, }
Ensure: Streamed answer tokens {a; }
l: vy < E(q)
2 8«@
3: for each c € A(q).C, do
4 We < (Dc(A(Q)Fq)
5: S, < ANN,(v,, W.)
6: S<SuS,
7: end for
8: §* « Unique(S)
9: for each x € S* do
10:  if d(x) exists then

11: S(X) <~ m
12:  else
13: s(x) < u(x)

(Continued)
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Algorithm 3 (continued)

14:  endif

15: end for

16: R < TopK(Sort(S*,s), k)

17: if R = & then

18: R « TextFallback(q)

19: end if

20: C < BuildContext(R)

21: for each token a; ~ LLMStream(q, C) do
22: output a;

23: end for

The selection of an appropriate vector database schema and service MCP tool via the previously defined
Algorithms 1 and 2 is followed by the final definition of the process of delivering the generated answer to the
user 3. Specifically, it seeks to identify the schema to be utilised as the foundation for generating the response,
based on the semantically derived result A(q) from analysing the user’s query q. The symbol A(q).C,, is used
to denote the set of schema collections that have been selected based on the results of the user query that
have been semantically analysed. This signifies the exploration of a semantically relevant subset of the entire
database space, which is denoted by D.. It is evident that for each collection ¢ € A(q).C4, ®.(A(q).Fy) is
the generation of conditions is achieved through the application of appropriate filters. It is evident that the
function ANN,(v,, W,) performs a conditional nearest neighbor search, returning the final result S as the
search outcome. The final result, S, obtained through this search is normalized using the vector distance,
d(x), and the system’s defined confidence and similarity metric, u(x). This process forms the top-selected
result set, R. It is the final search set R that is the basis for the LLM to construct a prompt conveying context.
The LLM generates responses token by token, with each token being output to the user immediately, thus
defining this as the process.

4 Evaluation

The purpose of the LLM-based agent developed in this study is twofold: firstly, to enhance the usability
and scalability of existing platforms; and secondly, to ensure user convenience. This objective is realised
through the integration of MCP service tools, thereby empowering the agent to invoke and execute pre-
existing service tools based on data present across various platforms. As of the evaluation point, the size of
data existing on the respective platforms is as shown in Table 1.

Table 1: Scheme-wise resource counts.

Scheme Application Project Job
Count 249 336 11,279

It is improbable that applications or projects will increase or decrease exponentially; however, there is
potential for jobs to grow steadily by tens to hundreds on a daily basis. Furthermore, the specifications of the
service servers that are utilised for the LLM service and the HPC platform are as follows Table 2.
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Table 2: Service-wise resource configuration.

Service Nodes GPU CPU
Service Cluster 12 H100 x 6 2112
LLM Service 1 V100 x 2 96

The service cluster is defined as the combined numerical value of the cluster responsible for computation
and the service server that hosts various HPC service tools. The utilisation of LLM can be categorised into
three distinct scenarios: the utilisation of ChatGPT, the utilisation of the OpenAl API, and the utilisation of
the Ollama service server responsible for LLM services. Presently, the GPU employed by the Ollama service
is the V100.

In order to ensure an accurate comparison of each model, the same hyperparameters and token structure
were utilised for all models. The values of the hyperparameters are shown in Table 3.

Table 3: Decoding and retrieval hyperparameters used across all models.

Parameter Value
Model ChatGPT/Gemma/Qwen/GPT-4.1-mini
Temperature 0.3
Max Tokens (num_predict) 2048
Context Window (num_ ctx) 4096
Top-p (Nucleus Sampling) 1.0 (disabled)
Frequency Penalty 0.0
Presence Penalty 0.0
Random Seed Not specified
Retrieval Top-k 15

In order to ensure a fair comparison, all models (ChatGPT, Gemma, Qwen, and GPT-4.1-mini) were
evaluated under identical decoding settings. Specifically, the temperature parameter was set to 0.3, the
maximum generation length was limited to 2048 tokens, and the context window size was fixed at 4096
tokens. It is evident that no nucleus sampling (top-p), frequency penalty, or presence penalty was applied.
Frequency and presence penalties were set to zero, and top-p sampling was disabled to ensure consistent and
controlled generation behavior across all models.

For the purpose of retrieval, a constant top-k value of 15 was employed in all experiments. It should
be noted that solely top-k based retrieval was utilised, with no combination with top-p sampling, in order
to maintain consistency and avoid introducing additional variability in the comparison. Furthermore, the
identical system prompts were utilised for all experiments, and evaluations were conducted by modifying
solely the models.

4.1 Evaluation LLM Model and Statistical Validation Method

The subsequent section delineates the outcomes of experiments conducted for each LLM model,
employing mathematical formulae. In the course of these experiments, queries were executed for each
schema, and the results were analysed. Each formula is defined on the basis of the response for a single



Comput Mater Contin. 2026;88(2):45 15

sample. Formula (1) calculates the probability that the LLM finds the relevant sample in the Source and that
the ‘navigate’ result returns the correct ID of that sample. As delineated in Table 1, queries corresponding to
the resource count for each schema were created and tests were conducted accordingly.

Let N denote the total number of test queries. For each query i € {1,..., N}, we define the following
binary indicators:

Name _ 1, if the answer contains the target sample’s name 2
l 0, otherwise
NavSuce _ 1, if the navigation API call succeeds 3)
l 0, otherwise
NavAce _ ) b if the returned sample’s ID matches the ground truth @
! 0, otherwise
1, ifthe correct sample is found in the retrieved sources 5)
v, =
" |0, otherwise

To explain each value, s/'™

1
Name measures whether the exact name of the sample in question is included in the LLM’s response.
Additionally, sN3"5u<¢ tests whether the response includes a call to a navigation tool that can direct the user to
the page defining the specific sample within the platform corresponding to the query, while sN*"4°° measures
whether the navigation tool returns a sample with an ID that exactly matches the query. Finally, r; is a binary
value indicating whether the RAG system includes the target sample within the retrieved sources.

indicates whether the LLM successfully processed the query correctly,
while s

The following defines the formula for calculating the probability based on the mathematical definitions
provided above.

1 N
Answer Contains Name = — Z sf,\lame ©
N iH
1 N
Navigation Success = — Z S?Tavsucc o
N o
1 N
Navigation Accuracy = N Z sf-\IaVACC -
i=1
1 N
LLM Success = ~ Z 7 SIi\IaVAcc o
i=1

N is determined based on the resource count values defined in the schema in Table 1. In other words,
for all sample data stored according to the schema, a query is sent to the LLM model, and the final success
probability is calculated based on the defined values and the results of that response.

Statistical Validation Method

As previously outlined, the findings derived from the evaluation of each model are articulated as binary
outcomes. The statistical analysis of these binary test results involves the implementation of both Cochran’s
Q test and McNemar's test in a combined approach.
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- Cochran’s Q test

The Cochran test, also known as Cochran’s Q test, is a statistical procedure used to assess the consistency
of proportions across multiple groups in a dichotomous dataset [35]. The employment of Cochran’s Q test was
undertaken in order to evaluate the existence of statistically significant differences among k related binary
treatments. The Cochran test is a statistical procedure that is employed to ascertain whether the results x;; are
distributed uniformly over the interval [0,1] for a given set of binary treatments (or conditions) j=1,...,k,
when applied to the same set of subjects i =1,..., N. In the event of multiple objects being present, the
results for the same jth condition are calculated. The row sum for that condition is defined as R;, the column
sum as C;, and the total sum as T, as follows. x;; € {0,1} denotes the result for the i-th object under the j-th
condition.

M=

Ri = X,‘j (10)
j=1
N
Cj = Z;x,'j (11)
i=
N k
i=1 j=1

For this equation, we define the null hypothesis and the alternative hypothesis. The null hypothesis Hy
states that the probability of success for each object is the same under all conditions, and that no condition
acts to the advantage or disadvantage of any particular object.

Hy:P(xi1=1)=P(xi=1)=--- =P(x4 = 1) (13)

In contrast, the alternative hypothesis H; states that the probabilities differ under at least one condition,
and that the probability of success may differ under some of these conditions.

H, : Atleast one P(x;; = 1) differs (14)
Under this hypothesis, the test statistic Q is defined as follows.

(k-1 (ks ci-12)

15
kT -2, R? "

In Q, k denotes the number of conditions; in this paper, since the conditions being compared refer
to different models on the same test, k represents the number of models to be compared. The numerator
of the equation, (k —1) [k Z;‘:l CJZ. - Tz], represents the number of successes per condition; the greater the
difference between conditions—that is, the greater the difference between models—the larger this value
becomes. It can be viewed as a measure of the degree of imbalance among the conditions. The denominator,
kT — YN, R2, corrects for the basic tendency toward success inherent in each object by reflecting the number
of successes per object, R;. This has the effect of blocking out bias between objects. Therefore, a small value of
Q indicates that there is almost no difference between the conditions, which means that the null hypothesis
H, is supported. If the value of Q increases, it indicates a large difference between the conditions, meaning
that Hy is rejected and H; is accepted. Under the null hypothesis, the distribution of Q is defined as follows.

Q~ Xy (16)
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According to the given distribution, if the value of Q is smaller than y; |, the null hypothesis is retained;
if Q is large, the null hypothesis is rejected.

Q> Xi—m/z = Reject Hy (17)

In other words, if the results for the same query across the models tested in this study follow the same
distribution rather than being random, the value of Q will be small, and we can verify that the models share
the same distribution.

- McNemar’s test

McNemar's test is performed to examine the differences between pairs of conditions when Cochran’s Q
test yields a significant result [36]. The McNemar test is a non-parametric statistical test that is utilised for
the analysis of differences in responses to two binary conditions (or stimuli) within the same population. The
objective of this test is to compare the frequencies of two discordant cells in a 2 x 2 contingency table, thereby
ascertaining whether the two conditions have the same probability of response. Under the null hypothesis,
it is assumed that the two conditions elicit the same response, and any difference in the frequencies of the
two discordant cells is considered to be due to chance. The McNemar test is a statistical procedure that is
employed to evaluate the statistical significance of the observed difference between the two cells. The purpose
of this evaluation is to ascertain whether there is a response difference between the two conditions [37].
When a significant difference was observed in Cochran’s Q test, pairwise comparisons between conditions
were performed using McNemar’s test as a post-hoc analysis. For each pair of conditions, the test statistic is
calculated as follows.

2 _ (|b-cl-1)?

b+c (18)

X

This statistic follows a chi-square distribution with one degree of freedom. Additionally, a Bonferroni
correction was applied to control for the family-wise error rate resulting from multiple comparisons. The
p-value can be computed from the calculated y* statistic to determine whether the difference between the
two compared objects is statistically significant. The formula for computing the p-value is as follows.

p-value = P (7, > observed y*) (19)

The significance level « used to determine whether a p-value is statistically significant is typically set to
0.05. That is, when & = 0.05, if the p-value < 0.05, the probability that the observed result occurred by chance
is considered sufficiently small, and the result is regarded as statistically significant.

4.2 Evaluation of User Responses across Different LLM Models

The evaluation in question serves to ascertain whether responses to user queries can be generated
while simultaneously linking them to the appropriate MCP service tool. Specifically, the evaluation process
encompasses the assessment of the adequacy of the response generation, the degree of correlation between
the generated response and the service tool, and the alignment of the content of the user’s query with that of
the service tool. The function of this process is to measure whether the content of the URL resource returned
by the navigate tool corresponds to the ID of the user’s query content. The purpose of this is to assess whether
the system accurately identified the user’s actual intent. This value is referred to as Navigation Accuracy. A
variety of MCP service tools have been defined for the purpose of establishing links with specific service tools.
Among these tools, there are those that generate URLs capable of navigating to specific locations matching
each schema. It is asserted that, based on the aforementioned tools, the process of defining the accuracy and
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appropriateness with which the tools are created to provide specific navigation for each schema currently
existing in the vector DB is undertaken.

The LLM models used in this study are as follows Table 4.

Table 4: Comparison of representative large language models.

Model Provider Scale Pricing Reference
ChatGPT-3.5-turbo OpenAl Proprietary Paid (API) [38]
Gemma-7B Google ~7B Free [39]
Qwen3-14B Alibaba ~14B Free [40]
GPT-4.1-mini OpenAl Proprietary Paid (API) [41]

The following figure, referred to as Fig. 5, is a graph that analyses the responses received for the entire
dataset based on Application, Project, and Job, using the schema provided on the HPC system with four LLM

models that has been built so far.
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Figure 5: Comparison of LLM performance across different task domains. (a) Application-level performance compar-
ison of ChatGPT-3.5-turbo, Gemma-7B, Qwen-3.14, and GPT-4.1-mini, evaluated in terms of LLM success rate, answer
name inclusion rate, navigation success rate, and navigation accuracy. (b) Project-level performance comparison of the
same LLMs, highlighting differences in semantic reasoning and entity navigation accuracy across models. (c) Job-level

performance comparison, models are evaluated on the full job set 11,279. All bars represent percentage rates. The legend
indicates the corresponding LLM for each color.
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In the application scheme (see Fig. 5a), ChatGPT-3.5-turbo consistently demonstrates strong perfor-
mance, with a navigation accuracy of 75.5% and a navigation success rate of 99.2%, while correctly including
the application name in 100% of responses. In contrast, both Gemma-7B and Qwen-3.14 exhibit severe
degradation in entity naming, with answer-contains-name rates of only 1.2% and 2.0%, respectively, resulting
in much lower navigation accuracy (23.3% for both models) despite high navigation success rates. GPT-
4.]-mini has been shown to demonstrate comparable navigation accuracy (75.5%) and navigation success
(99.2%) to ChatGPT-3.5-turbo. However, it is notable that GPT-4.1-mini does not explicitly mention entity
names (0%), suggesting that correct navigation can be achieved through implicit reasoning, even in the
absence of explicit name generation.

As illustrated in Fig. 5b, the project-level comparison reveals a reduction in performance disparities
among models in comparison to the application domain. ChatGPT-3.5-turbo achieves a navigation accuracy
of 70.2%, thus establishing a robust upper baseline. Qwen-3.14 achieved a success rate of 55.1%, surpassing
Gemma-7B’s 48.2% in both navigation success and accuracy. This outcome indicates a more robust semantic
reasoning capability at the project level. GPT-4.1-mini has been demonstrated to achieve the highest
navigation accuracy of all non-ChatGPT models, attaining 69.9% accuracy, a figure that approaches the
performance of ChatGPT-3.5-turbo, despite the absence of explicit project names in the model’s output. The
project domain as a whole demonstrates that semantic context has the capacity to compensate, at least in part,
for the absence of explicit entity naming. However, it is evident that clear performance differences remain
between models.

As demonstrated in Fig. 5¢, the job domain is characterised as the most challenging setting. ChatGPT-
3.5-turbo maintains high performance with a navigation accuracy of 85.3%, whereas Gemma-7B and
Qwen-3.14 experience dramatic drops, achieving only 3.4% and 1.5% navigation accuracy, respectively.
Despite the fact that Gemma-7B exhibits a high rate of successful navigation (87.9%), erroneous entity
resolution results in a near-failure in accurate job identification. GPT-4.1-mini exhibits a high conditional
navigation accuracy of 93.9%, signifying strong precision when execution is successful. The findings
underscore the necessity for precise entity disambiguation in job-level queries, rendering them particularly
susceptible to limitations imposed by LLMs.

Statistical Validation

The results calculated using statistical verification methods based on the data in Fig. 5 are shown in the
following Table 5.

Table 5: Results of Cochran’s Q test across schemas.

Schema N Cochran’s Q p-Value Interpretation
Application 249 167.3057 4.856 x 10736 <a
Job 11,279 43.6875 1.758 x 107° <a
Project 336 5011515 2.686 x 107108 <a

A total of four models (ChatGPT-3.5-turbo, Gemma-7B, Qwen-3.14, and GPT-4.1-mini) were used.
When comparing these four models, the results for each schema were all calculated to be less than « = 0.05,
indicating that the results for each model are statistically significant. The results of the McNemar’s test
performed based on these Cochran’s Q results are shown in Table 6 below.
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Table 6: Pairwise McNemar test results grouped by model comparison across schemas.

Comparison Schema p-Value Bonferroni Corrected a =0.05
Application 2.776 x 107V 1.665 x 1071¢ <a
chatgpt3.5 gemma7b Job 2.441x107* 1.465 x 107> <a
Project 5.474 x 10748 3.284 x 107" <a
Application 1.000 1.000 >a
chatgpt3.5 gpt-4.1-mini Job 1.000 1.000 >a
Project 1.000 1.000 >
Application 1.388 x 1077 8.327 x 1077 <a
chatgpt3.5 qwen3.14b Job 1.526 x 107> 9.155 x 107> <a
Project 4.078 x 107%¢ 2.447 x 1075 <a
Application 2.776 x 107 1.665 x 1071 <a
gemma7b gpt-4.1-mini Job 2.441 x107* 1.465 x 1073 <a
Project 5.474 x 10748 3.284 x 1077 <a
Application 1.000 1.000 >a
gemma7’b qwen3.14b Job 0.125 0.750 >«
Project 1.490 x 1078 8.941x 1078 <a
Application 1.388 x 107" 8.327 x 107V <a
gpt-4.1-mini qwen3.14b Job 1.526 x 107> 9.155 x 107> <a
Project 4.078 x 107°¢ 2.447 x 107 <a

In this study, Cochran’s Q test was employed to assess performance disparities across k associated binary
conditions. The analysis yielded statistically significant differences between the conditions. Consequently,
McNemar’s test was conducted as a post-hoc analysis to examine pairwise differences between conditions
in greater detail. In order to control for Type I errors resulting from multiple comparisons, the Bonferroni
correction was applied, and statistical significance was determined based on the corrected significance
level &' = . Consequently, statistically significant variations were identified in specific pairs of conditions
(p > o), while no significant variations were detected in other pairs (p > «’). This finding suggests that, while
a substantial discrepancy exists among all conditions, this variation does not manifest consistently across
all possible pairs of conditions. This outcome is attributable to the fundamental characteristics of the two
statistical tests. Cochran’s Q test is a global test that evaluates the presence of an overall difference, whereas
the McNemar test is a paired test that evaluates differences between individual pairs of conditions. In other
words, even if a statistically significant difference exists overall, that difference may be driven by specific
pairs of conditions, and the same level of difference may not appear in all comparisons between conditions.
Furthermore, since the Bonferroni correction reduces the significance level in order to control Type I errors
resulting from multiple comparisons, there is a possibility that statistically significant differences will not be
detected even when they are actually present. Consequently, the absence of statistical significance observed
in certain condition pairs can be attributed to the application of conservative testing criteria. The results
of the study indicate that the observed differences between conditions are not uniformly distributed, but
rather manifest primarily in specific pairs of conditions. This suggests that performance differences between
conditions may emerge selectively.
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4.3 Ontology-Based Qualitative Evaluation

The model currently configured and deployed on the platform is Gemma-7B. Utilising this model as
a foundation, the subsequent figure presents a comparison of the three schemas from the prior Section 4.2
and the disparities observed when employing the actual ontology.

Fig. 6 compares Gemma-7B performance with and without the application of the application ontology
across all LLM-level and exploration-level metrics, excluding the overall success metric. The utilisation of the
application ontology has been demonstrated to engender consistent enhancements in both structural and
task-oriented behaviour. It is noteworthy that the entity inclusion rate exhibited a substantial increase from
1.2% to 97.6%, signifying that ontology constraints significantly motivate the model to explicitly denote target
entities. Search accuracy also underwent a substantial enhancement, rising from 23.3% to 75.5%, thereby
indicating that ontology-based guidance effectively reduces the behavioural space during the search process.
However, ontology integration resulted in the complete elimination of source-grounded responses, thereby
reducing the source-grounded rate from 37.3% to 0%. This finding indicates that while ontologies enhance
precision and decision consistency, they may impose excessive constraints on response generation, thereby
impeding the model’s capacity to leverage retrieved evidence. The findings of this study demonstrate a trade-
off between structural accuracy and evidence grounding when integrating application ontologies.
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Figure 6: Comparison of ontology usage based on the Gemma-7B model. (a) Application-level performance with and
without ontology comparison of Gemma-7B evaluated in terms of LLM success rate, answer name inclusion rate, LLM
answer contains name rate, navigation success rate, and navigation accuracy. (b) Project-level performance comparison
of the same LLM, the accuracy of measurement at the same level. (c) Job-level performance comparison of the same
LLM, the accuracy of measurement at the same level. All bars represent percentage rates. The legend indicates the
corresponding LLM for each color.
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During the Project phase, overall performance stabilizes compared to the Application phase, yet the
effects of the ontology remain consistently observable. Without ontology, the LLM success rate is 85.4% and
the answer-contains-name ratio is 68.2%. While this represents an improvement over the application stage,
structural errors persist. Applying ontology increases the LLM success rate to 100% and raises the answer-
contains-name ratio to 86.1%. From a navigation perspective, the navigation success rate improves from
66.4% to 88.2%, and the navigation correct rate improves from 48.2% to 69.3%. This suggests that ontology
simultaneously enhances navigation stability and accuracy even in real-world service scenarios at the project
level, functioning as a structural guide beyond a simple prompt-aiding tool.

The effects of ontology are most pronounced during the task execution phase. In the absence of ontology,
the LLM exhibits a high success rate of 94.2%. However, it is noteworthy that only 15.3% of responses included
names, and the search success rate was a mere 3.4%. These findings suggest that the model is ineffective
in conducting correct searches in large-scale automated environments. Conversely, the application of the
ontology has been demonstrated to yield a 99.9% success rate in LLMs, a 91.8% rate of responses containing
names, a 99.9% search success rate, and a search accuracy that exhibits a marked increase to 81.5%. This
finding indicates that ontologies play a particularly crucial role in large-scale, repetitive environments like
job-level, enabling the model to reliably perform accurate structural reasoning and search beyond merely
generating responses.

Across a range of evaluations at the application, project and job levels, the integration of ontology has
been shown to consistently enhance the accuracy of entity grounding and navigation. The most substantial
gains have been observed in large-scale job-level settings.

Additionally, the qualitative comparison of LLM responses when using ontology vs. not using ontology
is shown in the following Table 7. We performed Korean morphological analysis using Kiwi [42] via its
Python interface, kiwipiepy [43].

Table 7: Comparison of text statistics with and without OntoGPT.

Metric OntoGPT Used OntoGPT Not Used Change Rate
Average number of characters 364.12 350.32 +3.94%
Average number of morphemes 135.04 127.52 +5.90%
Average number of unique morphemes 61.48 58.68 +4.77%
Type-token ratio 0.4772 0.4798 -0.54%
Content word ratio 0.4175 0.4123 +1.24%
Average number of sentences 8.04 8.80 -8.64%
Average morphemes per sentence 18.8684 16.0856 +17.3%

The application of ontology guidance resulted in enhanced information density and structural com-
pactness of the generated text. The average character count exhibited an increase from 350.32 to 364.12
(+3.94%), and the average number of morphemes also rose from 127.52 to 135.04 (+5.90%). While the
response length exhibited a slight increase, it concomitantly contained a greater amount of information.
With regard to lexical diversity, the mean number of unique morphemes increased from 58.68 to 61.48
(4.77% increase). Concurrently, the mean number of sentences diminished from 8.80 to 8.04 (8.64%), whilst
the number of morphemes per sentence augmented from 16.09 to 18.87 (17.3%). This finding suggests that
the information was condensed into a smaller number of sentences. While the morpheme type-token ratio
remained stable at 0.4772 to 0.4798, the content word ratio exhibited a marginal increase from 0.4123 to
0.4175 (+1.24%), suggesting a slightly higher proportion of semantically significant tokens. The results of the
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study demonstrate that ontology-based guidance primarily contributes to enhancing structural efficiency
and information density rather than superficial lexical variation.

The detailed analysis table is as follows Table 8. This table details the results of repeated testing conducted
on MCP calls related to simulation job execution (create_job), specific application navigation tasks (nav-
igate_application), application list queries (simple_list_app), queries concerning the relationship between
applications, projects, and developers (simple_ontology_friendly), and queries about project information
(simple_project_info).

Table 8: Per-preset average statistics with and without OntoGPT.

OntoGPT Avg. Chars Avg. Morphemes Avg. Sentences Avg. Content Ratio
Preset: create_job
o 304.0 109.0 6.2 0.3968
X 403.2 138.0 11.2 0.3995

Preset: navigate_application

(@) 421.8 140.4 11.2 0.4842
X 390.4 136.6 10.0 0.4942

Preset: simple_list_apps

O 402.2 156.6 7.6 0.4720
X 246.6 89.0 6.4 0.3902

Preset: simple_ontology_friendly

(0] 450.0 175.0 10.4 0.4040
X 382.2 151.6 9.0 0.4068

Preset: simple_project_info

(@) 242.6 94.2 4.8 0.3303
X 329.2 122.4 74 0.3710

lustrated in Table 8, the mean response statistics for each preset under both the OntoGPT-enabled
and OntoGPT-disabled settings are reported, including the character count, morpheme count, sentence
count, and content ratio. For the create_job preset, responses generated with OntoGPT exhibit an average
length of 304.0 characters, 109.0 morphemes, and 6.2 sentences. Conversely, responses generated without
OntoGPT demonstrate higher means of 403.2 characters, 138.0 morphemes, and 11.2 sentences. Despite these
differences in verbosity, the content ratio remains comparable, with values of 0.3968 when OntoGPT is
enabled and 0.3995 when it is disabled. In the navigate_application preset, the average length of OntoGPT-
enabled responses is 421.8 characters and 140.4 morphemes, distributed across 11.2 sentences. In the
absence of OntoGPT, the respective means are 390.4 characters, 136.6 morphemes, and 10.0 sentences.
The content ratio remains high in both settings, measured at 0.4842 with OntoGPT and 0.4942 without
it, indicating that the additional text produced under OntoGPT largely preserves semantic relevance. For
the simple_list_apps dataset, OntoGPT generates responses with an average length of 402.2 characters,
comprising 156.6 morphemes and 7.6 sentences, with a content ratio of 0.4720. In the absence of OntoGPT,
responses demonstrate a reduced length, with an average of 246.6 characters, 89.0 morphemes, and 6.4
sentences. These responses exhibit a lower content ratio of 0.3902, indicating a diminished informational
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density. In the simple_ontology_friendly preset, responses generated with OntoGPT reach an average
of 450.0 characters, 175.0 morphemes, and 10.4 sentences, while responses generated without OntoGPT
average 382.2 characters, 151.6 morphemes, and 9.0 sentences. The content ratio remains stable across
both settings, with values of 0.4040 and 0.4068, respectively, indicating that OntoGPT primarily affects
response elaboration rather than proportional content density. Finally, for the simple_project_info category,
OntoGPT-enabled responses demonstrate enhanced conciseness, exhibiting an average of 242.6 characters,
94.2 morphemes, and 4.8 sentences. In the absence of OntoGPT, the response extends to 329.2 characters,
incorporating 122.4 morphemes and 7.4 sentences. The content ratio is measured at 0.3303 in the OntoGPT
setting and 0.3710 when OntoGPT is disabled, reflecting a trade-oft between brevity and content proportion.

The results indicate that OntoGPT systematically modulates response structure across presets, reduc-
ing verbosity in task-oriented and summary-style prompts while expanding and enriching responses in
ontology-aligned and listing-oriented scenarios.

Statistical Validation

The statistical evaluation results comparing the default RAG and the ontology-based Gemma7B are
presented in Tables 9 and 10.

Table 9: Cochran’s Q test results for default RAG and ontology-based Gemma7B.

Schema N (Common Items) Cochran’s Q p-Value Interpretation
Application 249 120.7143 4.41x107%8 <a
Job 11,290 9233.00 ~0 <a
Project 335 43.3252 4.64 x 1071 <a

Table 10: McNemar test results results for default RAG and ontology-based Gemma?7B.

Schema McNemar Exact p-Value Interpretation
Application 6.21 x 10734 <a
Job ~0 <a
Project 2.08 x 107! <a

As shown in Table 9, Cochran’s Q test reveals statistically significant differences across all schemas,
including application, job, and project (p < ). Notably, extremely small p-values, particularly for the job
schema (p ~ 0), indicate a very strong rejection of the null hypothesis, suggesting that the performance
differences between the two approaches are highly significant.

To further investigate these differences, McNemar’s test was conducted as a post-hoc analysis, and the
results are summarized in Table 10. The results show that all pairwise comparisons are statistically significant
(p < a), with some p-values approaching zero, again indicating strong evidence against the null hypothesis.
These findings demonstrate that the performance differences between the default RAG and the ontology-
based Gemma?7B are not only globally significant but also consistently significant at the pairwise level. In
particular, the magnitude of the test statistics and the extremely small p-values suggest that the observed
differences are not due to random variation but reflect a systematic effect introduced by the ontology-
enhanced LLM system. Overall, the results confirm that the incorporation of ontology leads to a statistically
significant shift in model performance across all evaluated schemas.
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5 Conclusion

The present study constructed a Retrieval-Augmented Generation (RAG) system on the basis of an
extant High-Performance Computing (HPC) platform, and developed a system to generate diverse Large
Language Model (LLM) responses to user queries for data continuously produced on the aforementioned
platform. Furthermore, an MCP was utilised to define various API service tools available on the existing HPC
platform. This approach enabled the definition of ontology-based data associations for executing service
tools in response to LLM result data and actual user requests. In addition, an Al agent system was developed
to facilitate the execution of services in response to a wide range of user queries. It is important to note
that the HPC-based job execution platform continuously runs simulation tasks and stores their results,
thereby creating a structure in which data accumulates over time. This necessitates the processing of user
queries based on real-time data. In consideration of the data characteristics outlined above, the RAG system
processed user queries on the basis of a vector database linked to the platform. Furthermore, the platform’s
data structure features were defined as an ontology. The definition of an MCP system was informed by the
associations and relational characteristics between data, with the objective of linking service tools according
to user queries.

It is evident that contemporary service platforms predominantly offer LLM agent services through RAG
systems. Extensive research is currently ongoing to deliver a range of services that are customised to these
characteristics. The present study defines data characteristics based on an ontology that specifies data formats
and relationships, tailored to the nature of HPC-based simulation services with diverse data. In order to
enhance the linkage between the actual service tools and the LLM agents, and to improve the quality of
the LLM responses for data analysis, an ontology-enhanced LLM system service was added. This service
establishes data relationships between existing RAG and MCP systems, thereby enhancing connectivity and
introducing relational definitions. The evaluation process revealed that free LLMs such as Ollama, despite
their high quality, demonstrated lower accuracy and connectivity in comparison to ChatGPT-based models.
Moreover, for ChatGPT-based models, internal calibration yielded negligible disparities between utilisation
and non-utilisation of the ontology. However, in order to utilise the free LLM versions available on the
platform, it is necessary that services are based on the model with the highest accuracy, rather than ChatGPT-
series models. Consequently, subsequent to the establishment of a RAG system, the incorporation of an
additional ontology-enhanced LLM system service to delineate accuracy and the relationality of internal
platform data can facilitate a more precise and comprehensive distribution of user responses.

Subsequent research endeavours will persist in investigating the evolving expansion of ontology
relationships in conjunction with the escalating scale of HPC simulation operations, in consideration of
the prevailing characteristics of the platform. The objective of this study is to develop and enhance a real-
time, data-customised RAG system that is tailored to the characteristics of these platforms. Specifically, the
objective is to conduct research to extract dynamic data relationships aligned with real-time generated data
and enhance the quality of qualitative responses to complex user queries and data relationship queries, based
on the form of data expandable by the LLM.
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