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ABSTRACT. Efficiently integrating Large Language Models (LLMs) into business opera-
tions requires addressing hallucination issues, incorporating proprietary internal datasets,
and ensuring economic viability. Key strategies to tackle this challenge involve imple-
menting a Retrieval-Augmented Generation (RAG) methodology, fine-tuning open-source
small LLMs using proprietary internal datasets, and establishing on-premises GPU in-
frastructure. In this study, we validate the performance of this methodology through prac-
tical applications. Our selected use case involves responding to queries related to oper-
ational knowledge, including regulations, guidelines, and manuals. To achieve this, we
deploy a Machine Reading Comprehension (MRC)-based RAG system. Additionally, the
Llama 2 model undergoes fine-tuning on both internal and external datasets to enhance
Korean language understanding and acquire domain-specific knowledge. The system’s per-
formance was evaluated based on the accuracy achieved using two datasets: a set of 200
QEA pairs prepared by task managers and a dataset comprising 150 QEA pairs derived
from training exam questions and answers for new employees. The evaluations yielded
accuracy scores of 92.7% and 79.3%, respectively.

Keywords: Retrieval-augmented generation, Machine reading comprehension, Large
language models, Generative Al, Closed-domain question and answering

1. Introduction. Recent advancements in natural language processing have led to sig-
nificant interest in Retrieval-Augmented Generation (RAG) methods, particularly for
closed-domain question answering systems [1]. RAG combines retrieval-based models and
generation-based models to enhance the accuracy and relevance of generated responses.
Previous studies, such as those by Lewis et al. [2] and Izacard and Grave [3], have demon-
strated the efficacy of RAG in open-domain settings. However, there remains a notable
gap in research concerning the application of RAG methods within closed-domain envi-
ronments. Existing literature, including studies by Guu et al. [4] and Karpukhin et al. [5],
predominantly focuses on the retrieval and generation processes using public, open-domain
datasets. These studies highlight the challenges of maintaining context and coherence in
responses, a problem that is exacerbated in closed-domain settings where the dataset is
proprietary and domain-specific [6]. Therefore, recent research has actively focused on
RAG methodologies that leverage closed-domain environments. Siriwardhana et al. [7]
focus on enhancing the domain adaptation of RAG models for Open-Domain Question
Answering (ODQA). They propose RAG-end2end, an extension that adapts to domain-
specific knowledge bases by updating all components during training. Their approach
includes an auxiliary training signal to inject more domain-specific knowledge, demon-
strating significant performance improvements in specialized domains such as healthcare
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and news. Han et al. [8] examine the use of RAG-based Large Language Models (LLMs)
to automate Systematic Literature Reviews (SLRs). They detail the RAG framework’s
processes — retrieval, augmentation, and generation — and propose a comprehensive frame-
work for automating SLRs. This work underscores the potential of RAG in efficiently
synthesizing domain-specific literature, thereby facilitating research in closed-domain en-
vironments. Wu et al. [9] review significant techniques of RAG, focusing on the retriever
and retrieval fusions. They discuss how RAG leverages external knowledge databases to
augment LLMs, addressing issues like hallucinations and knowledge update challenges.
The paper also explores applications of RAG in natural language processing tasks and
industrial scenarios, highlighting future directions and challenges. Our research aims to
bridge this gap by exploring the feasibility and effectiveness of RAG-enhanced small Large
Language Models (LLMs) for closed-domain question answering. We utilize a proprietary
dataset to fine-tune small LLMs, configuring an RAG architecture to assess its perfor-
mance [10]. This approach addresses several challenges identified in previous studies, such
as data security and data sovereignty. By establishing an on-premises GPU infrastruc-
ture, we mitigate the risk of data leakage and ensure compliance with regulatory require-
ments. Moreover, our study responds to the call for more detailed examinations of how
closed-domain datasets can be leveraged within the RAG framework. Unlike open-domain
datasets, closed-domain datasets require specialized handling to maintain data integrity
and relevance. This research not only contributes to the existing body of knowledge but
also provides practical insights for businesses looking to deploy RAG-enhanced models in
a secure and feasible manner.

The structure of this paper is organized as follows. Section 2, Related Work, intro-
duces the foundational concepts of Retrieval-Augmented Generation (RAG), Machine
Reading Comprehension (MRC), and Llama 2. Section 3, Method, details the research
approach, comprising three key components. Section 3.1, Data Preprocessing, discusses
the processes of dataset selection, collection, and data manipulation. Section 3.2, System
Architecture and Implementation, describes the design and deployment of the on-premises
GPU infrastructure, the software architecture, model fine-tuning, the configuration of a
pipeline architecture integrating RAG and a small LLM, and the development of the user
interface. Subsection 3.3, Performance Evaluation, presents the system evaluation results
and their implications. Section 3.4, Discussion, examines considerations regarding data,
models, and operational aspects for effective application in business environments. Lastly,
Section 4, Conclusion, summarizes the key findings and implications of this study.

2. Related Work. The RAG architectural paradigm offers a promising approach to
enhance the efficacy of LLM applications by leveraging custom datasets [11]. This is
achieved through retrieving relevant data or documents based on a given query or task,
which subsequently serve as contextual information for the LLM [12]. The RAG methodol-
ogy has demonstrated successful applications in support chatbots and question-answering
systems that require real-time access to up-to-date information or domain-specific knowl-
edge repositories [13-15]. The RAG concept, as explained thus far, can be schematically
represented as depicted in Figure 1.

Machine Reading Comprehension (MRC) is the task of constructing a system that
comprehends a given passage in order to answer questions related to it. The input to
the reading comprehension model consists of a question and a context or passage. The
model’s output is the answer extracted from the passage [16]. When visualizing the concept
of MRC, it corresponds to Figure 2.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.2, 2025 483

Query +
Query . Relevant LLM | Generate | Explicit
Retriever documents as " source-
generator informed

Look-up Relevant documents answer

Specific
Knowledge
Base

F1cURE 1. RAG concept diagram

Passage Question
Wikipedia . What paper first introduced the
Transformer (deep learning architecture) R ea"ilng concept of transformers in NLP?
A transformer is a deep learning .
architecture developed by Google and Reading MaCh_lne
based on the multi-head attention N Readlng
mechanism, proposed in a 2017 paper Comprehension
"Attention Is All You Need". Text is (MRC)
converted to numerical representations
called tokens, and each token is Answer
converted 1nto a vector via looking up Comprehension
from a word embedding table. >{ Attention Is All You Need

Ficure 2. MRC concept diagram

Llama 2, announced by Meta in July 2023, is an open-source LLM that is commercially
available. Therefore, even companies that cannot directly build massive GPU infrastruc-
tures can apply LLM services to their business using the Llama 2 model. Llama 2 provides
three pre-trained and fine-tuned variants, each with different parameter sizes: 7 billion,
13 billion, and 70 billion. These models are specifically optimized for dialogue tasks, in-
cluding the Llama 2-Chat variant. Notably, Llama 2 surpasses existing open-source chat
models across various benchmarks and is considered a viable alternative to closed-source
models based on human evaluations of helpfulness and safety [17].

3. Method. In this study, we developed a question-answering system based on the RAG-
enhanced Llama 2 model. The system was constructed in three primary phases. First, we
conducted data preparation by selecting and pre-processing the necessary datasets for
training. In the second phase, we established dedicated GPU computing infrastructure,
fine-tuned the model, set up an RAG-enhanced small LLM pipeline, and created the user
interface. Finally, the third phase involved evaluating the system’s performance, where
we established test datasets and conducted accuracy evaluations.

3.1. Data preprocessing. The data preparation phase of this study comprises two pri-
mary procedures. First, it entails the selection and collection of datasets necessary for
model training. Second, it involves preprocessing the collected data by cleaning and trans-
forming it into a suitable format for subsequent model training.

3.1.1. Dataset selection and collection. In this study, we constructed a dedicated dataset
for our research by collecting and curating relevant work-related documents from within
an enterprise, rather than relying on publicly available datasets. The collected materials
included files from the enterprise’s Knowledge Management System (KMS), attachments
obtained through the enterprise’s work portal, and manually managed files maintained
by individual departments. These documents were available in a range of formats, in-
cluding Hangul word processor files (.hwp), Word documents (.docx), Excel spreadsheets
(.xIsx), presentation files (.pptx), and PDF files. While most of these documents followed
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a hierarchical structure similar to that of legal documents (e.g., articles, paragraphs, sub-
paragraphs, and items), some were presented in tabular form. Following a preprocessing
stage, the data were reorganized into a hierarchical structure comprising six primary
categories and eighteen subcategories defined according to task type. The classification
criteria employed to form these categories are presented in Table 1.

TABLE 1. Datasets overview used in this study

Main category Total numbe.r Total number | Total file size
of subcategories of files (MB)
1) Regulations 2 45 3.30
2) Guidelines 3 38 4.47
3) Business standards 5 570 149.37
4) Basic documents 3 691 38.67
5) Product information 1 62 39.90
6) Reference materials 4 45 270.16
Total 18 1,451 505.87

3.1.2. Data manipulation. In this phase, we ingest and extract information from the or-
ganized dataset. Subsequently, we partition and refine the dataset, followed by its storage
in the database using indexing and embedding techniques. A comprehensive breakdown
of the tasks associated with each step is provided in Table 2.

TABLE 2. The steps of data manipulation

Step Task

e Read files in various document formats and convert them to
CSV format.

e Remove unnecessary tags and extract content.

e Separate and refine passages: Parse and separate docu-
ments into passages consisting of articles, paragraphs, sub-
2) Data splitting paragraphs, and items (2,033 FAQ passages and 30,739 general
and refinement passages).

e Select data necessary for document search: select titles, con-
tent, metadata, and other relevant information.

e Index and embed the dataset.

e Archive each passage (stored in Vector DB).

e Control the search target and scope of the search dataset.

1) File reading and
data extraction

3) Data embedding
and storing

3.2. System architecture and implementation.

3.2.1. On-premuses GPU infrastructure and software architecture. In this study, we de-
ployed an NVIDIA DGX A100 640GB system [18], as depicted in Figure 3, to serve as the
computational resource for both training and inference. The minimum system software
requirements were specified and documented in Table 3, necessitating the installation of
DGX OS 6 to meet these prerequisites. However, since docker-compose was not included
in the DGX OS 6 package, we had to install it separately. Our software architecture, based
on this system infrastructure, comprised six layers: Landing Page, API Routing, Tools,
Application Services, Engines, and Data Store, as illustrated in Table 4.
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FicURE 3. Installation of DGX A100

TABLE 3. The minimum system software requirements

Red Hat Enterprise Linux 8.8
CUDA 12.0
nvidia-driver 525.60.13
nvidia-docker2 2.13.0
docker-ce 24.0.0
docker-compose 1.28.0

TABLE 4. Layered software architecture

User Interface
API Interface
Messaging | Logging Monitoring | Statistics
Engine and Services Management Tools

Landing Page
API Routing
Tools
Application Services

Engines RAG Passa.ge RAG FAQ RAG MRC Siall LLM
Search Engine Engine Engine
Data Store Elasticsearch, Milvus/Kafka, MariaDB

3.2.2. Model fine-tuning. In this phase, we conducted fine-tuning for two distinct models:
an MRC model and a small LLM. We selected MRC and LLM models by investigating
the foundation models of top-ranking state-of-the-art models on Hugging Face and Ko-
rQuAD leaderboards. Additionally, we designed the architecture and set the parameters
by referencing the guidelines of Al-based search companies [4]. First, for the MRC model,
we employed RoBERTa as the foundation model [19]. Our fine-tuning process involved
using a dataset of 7,321 samples formatted as Passage, Query, and MRC Output, sourced
from our internal datasets. Second, for the small LLM, we selected Llama 2 (13B) as
the foundation model and followed a three-step fine-tuning procedure: 1) pre-training the
model using a customized corpus (7,954 KB) derived from our internal datasets, 2) con-
tinual training using an external Korean dataset (87,888 samples) publicly available on
HuggingFace (as outlined in Table 5), and 3) instruction fine-tuning using our internal
dataset (3,595 samples) in the format of Passage, Query, and LLM Output. The fine-
tuning processes for both the MRC model and the LLM are visually depicted in Figure
4.
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TABLE 5. The sources of external datasets employed for fine-tuning small LLM

Datasets Sources
ko_alpaca.json http://huggingface.co/datasets/nlpai-lab /kullm-v2
ko_lima_train/test.json |http://huggingface.co/datasets/taeshahn/ko-lima
ko_openorca.json http://huggingface.co/datasets/kyujinpy/OpenOrca-KO
ko_openorca_gugugo.json|http://huggingface.co/datasets/squarelike/OpenOrca-gugugo-ko
ko_platy.json http://huggingface.co/datasets/kyujinpy /KOR-OpenOrca-Platypus

(@ The fine-tuning process of MRC model

[Base Model] I [Fine-tuned Model]

I
Fine-tuned
MRC Closed-Domain MRC
(RoBERTa) Datasets (RoBERTa)

7,321 samples (Passage + Query + Answer (MRC Output))

@ The fine-tuning process of small LLM

[Base Model] [Fine-tuned Model]

Fine-tuned
LLM
(Llama-2(13B))

Open-Domain
Datasets
(Korean)

LLM
(Llama-2(13B))

Closed-Domain
Datasets

Closed-Domain
Corpus

Total text file size: 7,954KB 87,888 samples 3,595 samples
(Passage + Query + Answer (LLM Output))

F1GURE 4. The fine-tuning process of MRC models and small LLM

3.2.3. Configuration of a pipeline architecture integrating RAG and small LLM. In this
study, we established an RAG pipeline comprising three major engines. First, the Passage
Retrieval Engine performs information retrieval and semantic retrieval for user queries,
exploring the most relevant passages aligned with query intent. Subsequently, the user’s
query and the retrieved passages are forwarded to the FAQ Engine. Second, the FAQ
Engine assesses whether the query-passage pair exhibits similarity to the query-answer
pairs stored in the FAQ database. If the FAQ similarity score exceeds 0.7, the corre-
sponding FAQ answer is promptly provided to the user. Third, if the FAQ similarity score
falls below 0.7, the MRC Engine evaluates accuracy using a fine-tuned MRC model. If
the F1 score-based MRC score surpasses 0.8, a prompt is constructed, incorporating the
query, top two passages, and the MRC-generated answer. This prompt is then fed into the
fine-tuned small LLM, which generates an appropriate response based on the provided
information. However, if the MRC score remains below 0.8, we directly pass a prompt
containing the query and the top three passages to the small LLM. This small LLM gen-
erates an answer referring to the given context. The overall process is visually depicted
in Figure 5.

3.2.4. User interface. In accordance with Section 3.2.3, user queries receive responses
through three distinct pathways: First, if the query aligns with an entry in the FAQ
database; Second, if the answer is retrieved via the MRC model; Third, if the answer is
directly generated by a small LLM. To indicate which of these three cases applies to a
given query response, the ‘Source’ section title at the bottom of the user interface displays
the corresponding answer generation pathway. Notably, for answers stemming from the
MRC pathway, the system highlights supporting evidence sentences that were deemed
relevant for satisfying the query. The user interface concepts corresponding to each of
these three cases are visually depicted in Figure 6.
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FIGURE 5. Pipeline architecture integrating RAG and small LLM
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Company regulations refer to documents that
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FI1GURE 6. User interface representations for the three cases of query answering

3.3. Performance evaluation. In this study, we conducted evaluation using two dis-
tinct test datasets. The first test dataset comprised 200 question-answer pairs directly
generated by task managers. The second test dataset consisted of 150 question-answer
pairs extracted from ‘new employee job training’ exam questions spanning the past three
years. Our chosen evaluation metric was accuracy, where incorrect answers received 0
points, partially correct answers received 0.5 points, and completely correct answers re-
ceived 1 point. The evaluation results revealed a score of 92.7 points on the first test
dataset and 79.3 points on the second test dataset. An illustrative example of the evalu-
ation for the second dataset is provided in Figure 7.

In this study, we determined that human verification and accuracy assessment are more
desirable for evaluating user-perceived performance in real-world applications. However,
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No. Question Answer Al-Generated Summary Score
Please explain the defimtion of the | There are regulations and guidelines | Company regulations refer to documents that establish the
company's regulations. which are documents prepared in a | fundamental policies, standards, and guidelines regarding a
1 systematic normative format containing | company's organization and business operations in a 1
fundamental policies, standards, etc. | systematic normative format, including regulations and
regarding a company's organization and | guidelines
business operations.
What credit rating is applied to other | abridged rating For other companies that do not have sufficient credit
2 | companies that do not have sufficient evaluation materials, a simplified rating 1s applied. 0.5
credit evaluation materials?
What is the Information Protection | Information Technology Sector Plan | A financial company or electronic financial institution shall
150 Commission's deliberative resolution? | pursuant to Article 21(4) of the | establish and operate an information protection committee to 0
. Electronic Financial Transactions Act. - | deliberate and decide on matters related to the protection of
important information.
Total Score 79.3

Ficure 7. Example of evaluation results for the second dataset

as the dataset grows and more comprehensive performance evaluation is required, addi-
tional metrics such as F1 score, recall, and precision need to be assessed.

3.4. Discussion. Effectively leveraging small LLMs based on the RAG architecture with
internal datasets for business applications requires addressing key considerations in data,
model, and operational aspects.

From a data perspective, enhancing search accuracy demands meticulous domain-
specific data curation and granularity, addressing overfitting, automating preprocessing,
and managing continuous dataset updates. It is advisable to exclude frequently changing
data, such as exchange rates, from the training datasets and handle it separately. Above
all, the significant discrepancy in accuracy observed between the two datasets in this study
highlights the complexities inherent in adapting generative AI models to specific domains
and underscores the need for targeted improvements to ensure the system’s suitability for
mission-critical internal tasks. The observed variance in accuracy indicates that ongoing
refinement is necessary to enhance the model’s performance and reliability. To achieve
more consistent accuracy, it is crucial to establish robust data governance suitable for
the training and evaluation of generative Al models. In this study, considerable time and
effort were expended on refining the data for model training. A structured data gover-
nance approach will reduce repetitive data processing tasks, allowing us to focus more on
enhancing data quality and improving accuracy. This will ultimately lead to more consis-
tent results in the training and evaluation of generative Al models. By addressing these
challenges and incorporating these insights, we can significantly enhance the practical
utility and reliability of our RAG-enhanced small LLM system for business applications.

Regarding the model, maintaining consistent performance requires selective fine-tuning
with new data and establishing a validation process that enables swift replacement with
new state-of-the-art models. Achieving natural responses necessitates parameter tuning,
including reinforcement learning and token adjustments.

From an operational standpoint, establishing LLMOps (Large Language Model Oper-
ations) is crucial for efficient pipeline operations. Optimizing GPU resource allocation,
implementing strict security measures, and enhancing quality through feedback loops like
RLHF (Reinforcement Learning with Human Feedback) are essential. Additionally, user-
friendly features such as the ability to directly navigate to the location of the source
material used as the basis for answers can enhance usability.

4. Conclusion. In this study, we deployed an on-premises NVIDIA A100 server to create
a dedicated infrastructure environment. By fine-tuning RoBERTa and Llama 2 models
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with our internal dataset, we developed an MRC model and a small LLM. Our pipeline
integrates the RAG architecture with the small LLM, and we evaluated the system’s
accuracy using our proprietary dataset. However, our evaluation revealed a significant
discrepancy of approximately 13 points between the accuracy scores of the two test
datasets. In this paper, we focus on the applicability of the proposed methodology to
business contexts. However, to achieve a comprehensive performance evaluation, it is nec-
essary to compare the performance with other models and assess the impact of the RAG
component. This limitation highlights the need for further research.
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