JSE Vol. 6 No. 1 (2026) ISSN 2785-9436/eISSN 2785-9371 https://journalstem.net

Conceptualization-Augmented Technical Problem
Solving in TVET Education Using Fine-Tuned LLM
and Polytechnic and Community Colleges Digital
Dataset

Guan Chengg Wong', Suryani Ilias'", Muhammad Syahmi Akmal Zuklipli', Thsan Yassin?

"Department of Electrical Engineering, Politeknik Sultan Salahuddin Abdul Aziz Shah, Shah Alam, Malaysia.
Faculty of Electrical Engineering, Universiti Teknologi MARA, Shah Alam, Malaysia.

guanchengg.wong@gmail.com; suryani@psa.edu.my; syhmkml@gmail.com; ihsan.yassin@gmail.com

Abstract — Large Language Models (LLMs) have shown strong potential for chatbot and question-
answering applications, but their deployment in Technical and Vocational Education and Training (TVET)
remains challenging due to domain mismatch, unreliable responses, and the need for accessible
development workflows. This study aims to develop a domain-specific LLM-based chatbot for technical
problem solving in TVET education by integrating fine-tuning with a PolyCC digital dataset in a cloud-
based, competition-driven environment. The proposed innovation applies a structured methodology
consisting of dataset preparation in instruction-response format, selection of a pre-trained LLaMA 3.2 (3B
Instruct) model, parameter-efficient fine-tuning, automated evaluation using win rate, and iterative dataset
optimization. The experimental findings show that model performance depends more strongly on dataset
quality than dataset size alone. From 46 experimental runs, the best-performing configuration achieved a
win rate of 62%, demonstrating that carefully curated and refined question—answer data can significantly
improve response relevance and domain adaptation. The study also shows that suitable epoch selection is
important to balance learning and generalization, while excessive training may reduce performance. In
terms of impact, this work contributes a practical framework for building domain-specific LLM chatbots
in TVET, while also supporting no-code, gamified, and cloud-based Al learning for educators and students.
In conclusion, the proposed approach successfully demonstrates that fine-tuned LLMs, supported by high-
quality PolyCC digital datasets, can enhance technical problem solving and provide a scalable pathway for
Al integration in TVET education.

Keywords — Large Language Models (LLMs), Fine-Tuning, TVET Education, Domain-Specific Chatbot, PolyCC
Digital Dataset

I. INTRODUCTION

Large Language Models (LLMs) have become a core technology in generative artificial intelligence, enabling
applications such as chatbots and question-answering systems. One of the key approaches to improving factual
accuracy and contextual relevance is Retrieval-Augmented Generation (RAG), which integrates external
knowledge sources with language models [1]. In addition, efficient adaptation methods such as Low-Rank
Adaptation (LoRA) allow large models to be fine-tuned with reduced computational cost [2], while alignment
techniques using human feedback improve the ability of models to follow instructions effectively [3]. Further
advancements show that large-scale instruction fine-tuning enhances generalization across tasks [4], and
approaches such as Self-Instruct reduce dependence on manually labelled data [5]. The availability of open models
such as LLaMA 2 has also increased accessibility for developing domain-specific chatbot systems [6], while
QLoRA enables efficient fine-tuning under limited hardware constraints [7].

Despite these advancements, deploying LLMs in real-world applications remains challenging. Conventional
evaluation methods are often insufficient, as chatbot performance depends on multi-turn interaction, contextual
understanding, and user-centered quality [8]. In addition, retrieval-based approaches have been widely studied to
improve response grounding and provide up-to-date information [9, 10]. However, LLMs are still prone to
hallucination, where models generate fluent but incorrect or misleading information, which remains a critical
limitation in practical deployment [11]. These challenges highlight the need for integrating both efficient model
adaptation and reliable grounding mechanisms, particularly for domain-specific chatbot applications that require
accurate and trustworthy responses.

These issues are highly relevant in the context of the POLYCC Large Language Model (LLM) League 2025,
which can be interpreted as a competition-based platform for developing domain-specific chatbot systems. The
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competition emphasizes building an LLM that functions as the “brain” of a chatbot within a cloud-based and
gamified environment, while remaining accessible to participants without strong programming backgrounds.
Educational research shows that no-code Al platforms can support meaningful learning when learners engage in
authentic machine learning workflows [12], while competition-based learning enhances practical skills and
motivation [13]. Studies on Al chatbots in education further highlight benefits such as personalized learning and
engagement, alongside concerns related to reliability, ethics, and assessment fairness [14, 15]. Similarly,
systematic reviews indicate the growing use of LLMs in education, while emphasizing challenges such as over-
reliance and responsible usage [16, 17].

In this context, this paper presents the development of a domain-specific LLM chatbot that integrates efficient
fine-tuning and retrieval-based grounding to improve performance and reliability. RAG-based systems have been
shown to reduce hallucination and enable dynamic knowledge updates [18, 19]. Furthermore, the integration of
gamification has been shown to enhance engagement and skill development in Al learning environments [20].
Therefore, this study demonstrates how a gamified, accessible competition framework can support the
development of a practical and reliable LLM chatbot, while also contributing to meaningful skill development in
generative Al

II. RELATED WORK

Recent advances in Large Language Models (LLMs) show that effective chatbot performance depends on post-
training adaptation rather than model scale alone. While larger models provide strong general capabilities, their
effectiveness in specific applications relies on how well they are adapted to follow user intent and domain
requirements. Instruction alignment approaches, such as supervised fine-tuning with human feedback, improve
the ability of LLMs to generate relevant and accurate responses [3], while large-scale instruction tuning enhances
generalization across diverse tasks [4]. Methods such as Self-Instruct further reduce reliance on manually labelled
data by generating synthetic instructions [5]. In addition, open models such as LLaMA 2 improve accessibility
for chatbot development [6], and parameter-efficient techniques such as LoRA and QLoRA enable model
adaptation under limited computational resources [2, 7]. Collectively, these studies establish efficient fine-tuning
as a practical approach for domain-specific chatbot development.

In parallel, grounding and reliability remain critical challenges in LLM deployment. Retrieval-Augmented
Generation (RAG) integrates external knowledge sources with language models to improve factual accuracy and
contextual relevance [1]. Subsequent studies further define RAG as a framework for handling outdated knowledge
and improving response verification [9, 10]. However, hallucination remains a key limitation, where models
generate fluent but incorrect or misleading information [11]. In addition, chatbot evaluation must consider multi-
turn interaction and user-centered quality rather than relying only on static benchmarks [8]. These findings suggest
that combining fine-tuning with retrieval-based grounding is essential for reliable chatbot performance.

From an educational perspective, accessibility and engagement are important factors in Al learning
environments. No-code Al platforms support meaningful learning experiences even for users without strong
programming backgrounds [12], while competition-based learning improves practical skills and motivation [13].
Studies on Al chatbots in education highlight benefits such as personalized learning and engagement, alongside
concerns related to reliability, ethics, and assessment fairness [14, 15]. Similarly, systematic reviews indicate the
increasing use of LLMs in education while emphasizing challenges such as over-reliance and responsible usage
[16, 17]. More recent works on educational RAG systems show that retrieval-based approaches improve factual
quality and enable dynamic knowledge updates [18, 19]. In addition, gamification has been shown to enhance
engagement and skill development in Al learning environments [20].

Overall, existing studies can be grouped into three main aspects: efficient LLM adaptation, grounding and
reliability, and educational implementation. However, these aspects are often studied independently. As
summarized in Table 1, there is limited work that integrates all three perspectives within a single applied setting,
particularly in a gamified and competition-based environment. Table 1 shows the key literature categories and
their relevance to this study.

Based on this, the present study is positioned at the intersection of these aspects by developing a domain-
specific LLM chatbot within a gamified, cloud-based competition environment, integrating efficient fine-tuning,
retrieval-based grounding, and accessible learning design.
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TABLE 1

SUMMARY OF RELATED WORK FOR LLM-BASED CHATBOT DEVELOPMENT IN EDUCATIONAL COMPETITION SETTINGS

Aspect Key References Focus Relevance
Efficient LLM 21, 3], [4], [5, [6], [7] Instruction tuning, open models, Enables domain-specific chatbot
adaptation e parameter-efficient fine-tuning development with limited resources

Grounding and [11, [8], [9], [10], [11] RAG, hallucination mitigation, Improves factual accuracy and
reliability PR ’ conversational evaluation response reliability
Educational [12], [13], [14], [15], No-code learning, competition-based Supports accessibility and skill
implementation [16],[17] learning, Al in education development
Educational RAG and RAG for education, gamified Al Enhances learning engagement and
ot [18], [19], [20] :
gamification learning system usefulness

[II. METHODOLOGY
This study adopts a fine-tuning-based approach to adapt a pre-trained Large Language Model (LLM) for
domain-specific understanding, particularly in the context of TVET-related knowledge. The overall methodology
follows a structured pipeline consisting of dataset preparation, model selection, fine-tuning, evaluation, and
leaderboard submission, as illustrated in Figure 1.

o o ® o

DATASET BASE MODEL FINE-TUNING SUBMISSION TO
PREPARATION SELECTION PROCESS LEADERBOARD
- iz
= vl I
== v -
Trai del usi
« Collect and curate R [R0Ces Lsing)
domain-specific data LLaMA 3.2 prepared dataset * Zesv‘mrj;estr;iionses i + Submit trained model
(TVET-related) (3B Instruct) « Configure hyperparameters a for evaluation
«+ Generate question- (Epochs, Learning Rate, * Compare with reference + Automated scoring
answer pairs (Q&A) « Pre-trained foundation Batch Size, etc.) answers based on win rate (%)
. model (general « Cloud-based training Ahal -
« Structure data in JSON knowledge) (Amazon SageMaker + Analyze performance » Leaderboard ranking
(Instruction-Response) Unified Studio) (accuracy, relevance) across all teams
+ Validate and clean « Adapt model for * Review results and METRIC:
dataset domain-specific expertise identify improvements -
WIN RATE (%)
\ J
A
] 1
1 1
: OPTIMIZATION :
: /\/ - = ;
b i l —0 = 4-----mmmmsmmmm-ooo ‘
(1] e —
Analyze evaluation Adjust Refine or expand
results hyperparameters dataset

Fig. 1 Overall methodology pipeline for LLM fine-tuning and evaluation

The process begins with dataset preparation, where domain-specific question—answer pairs are constructed and
organized in JSON format. Each entry contains an instruction (input query) and a corresponding response
(expected output), enabling the model to learn structured instruction-following behaviour. The dataset is curated
from relevant domain materials and may also be augmented using synthetic data generation techniques, which
have been shown to improve instruction diversity and reduce reliance on manual annotation [5]. Particular
emphasis is placed on data quality, consistency, and coverage, as these factors directly influence the effectiveness
of the fine-tuning process and overall model performance.

Next, a pre-trained foundation model, specifically LLaMA 3.2 (3B Instruct), is selected as the base model due
to its efficiency and suitability for lightweight fine-tuning tasks. Foundation models are typically trained on large-
scale general corpora and therefore require post-training adaptation to perform effectively in specialized domains
[6]. Instruction-based models further benefit from alignment techniques, which enhance their ability to follow
user queries accurately and produce coherent, context-aware responses [3, 4].
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The fine-tuning stage is conducted using a no-code cloud-based platform, improving accessibility for users
without extensive programming experience. During this stage, the model is trained on the prepared dataset to
enhance its ability to generate accurate and domain-relevant responses. Rather than performing full-parameter
retraining, the approach leverages parameter-efficient fine-tuning strategies to reduce computational cost while
maintaining strong performance [2, 7]. Key training parameters, including the number of epochs and learning rate,
are carefully adjusted to ensure stable convergence and effective knowledge adaptation.

Following training, the model undergoes evaluation, where its generated outputs are compared against
reference answers. The evaluation focuses on response accuracy, relevance, and overall quality, reflecting recent
research that emphasizes conversational and user-centred assessment rather than relying solely on static
benchmarks [8]. This stage provides a structured assessment of how well the model performs in domain-specific
tasks.

Subsequently, the trained model is submitted to a leaderboard-based evaluation system, where its performance
is measured using an automated scoring mechanism based on win rate. This metric represents the percentage of
responses that outperform reference outputs and serves as a standardized measure for comparing models. The
leaderboard enables objective ranking across different submissions and supports fair performance benchmarking.

Finally, an optimization stage is performed, where evaluation outcomes from the leaderboard are analyzed to
identify areas for improvement. Based on these insights, refinements are applied primarily at the dataset level,
including expanding data coverage, improving answer quality, and enhancing instruction diversity. Adjustments
to hyperparameters may also be considered. This targeted optimization process ensures continuous improvement
while maintaining a structured and efficient pipeline flow [13].

Overall, this methodology emphasizes the integration of high-quality data preparation, efficient fine-tuning
strategies, and systematic evaluation with leaderboard-based benchmarking, forming a robust framework for
developing a domain-specific LLM chatbot system.

IV. EXPERIMENTAL SETUP

The experimental setup was designed to support the efficient fine-tuning, evaluation, and submission of the
proposed LLM within a cloud-based environment. The setup emphasizes scalability, accessibility, and practical
usability, which are important in the context of competition-based Al development. In addition to enabling
repeated experimentation, the setup allows users to focus on dataset preparation and model optimization without
being constrained by local hardware limitations.

A. Hardware and Environment

All experiments were conducted using a cloud computing platform, eliminating the need for high-performance
local hardware. Model training and evaluation were executed on remote GPU instances that provide sufficient
computational resources for handling LLM fine-tuning workloads. The entire workflow was accessed through a
web-based interface, allowing users to perform dataset upload, model configuration, training, and evaluation using
only a standard computer with internet connectivity. This environment is particularly suitable for educational and
competition-based settings because it lowers the technical barrier to entry and supports wider participation. Such
an approach is consistent with recent educational practices that promote no-code Al platforms to broaden
participation in machine learning development [12].

B. Model Configuration

The base model used in this study was LLaMA 3.2 (3B Instruct), a lightweight yet capable instruction-tuned
model suitable for domain adaptation tasks. The model was selected because it offers a good balance between
computational efficiency and response capability, making it appropriate for repeated fine-tuning experiments
within a limited training budget. As an instruction-based model, it is designed to respond to structured user
prompts in a more coherent and task-oriented manner. Fine-tuning was applied to adapt this general-purpose
model to the target domain without modifying the full architecture, thereby improving efficiency and reducing
training cost. This setup is aligned with recent LLM adaptation strategies, where instruction tuning and lightweight
fine-tuning methods have been shown to enhance performance in specialized domains [4, 6].

C. Dataset Preparation

The dataset consisted of structured question—answer pairs tailored to the selected domain. Each entry followed
a standardized JSON format consisting of: (1) Instruction as the input query and (2) Response as the expected
output. This format was chosen because it directly supports instruction-based learning and enables the model to
learn the mapping between domain-specific queries and appropriate responses.

To improve dataset diversity and coverage, Al-assisted data generation techniques were used alongside manual
curation. This combination allowed the construction of a broader range of examples while maintaining relevance
to the target domain. Prior work has shown that synthetic instruction data can improve model generalization when
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it is carefully filtered and structured [5]. Therefore, particular attention was given to maintaining data consistency,
clarity, and domain relevance, as these factors directly influence the effectiveness of the fine-tuning process. In
practice, the dataset was also refined iteratively by revising unclear questions, removing unsuitable entries, and
improving answer structure.

D. Hyperparameter Tuning

Key hyperparameters were systematically adjusted during training to optimize model performance. The two
main parameters considered in this study were:

(1) Epochs: Determines how many times the model processes the dataset. Increasing epochs can improve
learning but may lead to overfitting if excessive.

(i) Learning Rate: Controls the rate of model updates. Lower values ensure stable convergence, while higher
values accelerate training but may introduce instability.

Multiple training experiments were conducted by varying these parameters incrementally. Rather than relying
on a single configuration, the study adopted an iterative strategy in which parameter values were adjusted based
on observed performance. This reflects common practice in LLM fine-tuning, where performance improvements
are often achieved through controlled experimentation rather than one-pass optimization [7]. The use of repeated
trials also helped identify suitable parameter ranges for balancing learning efficiency and generalization.

E. Evaluation Method

Model performance was evaluated using an automated response comparison system. In this process, the fine-
tuned model generated answers to a predefined set of queries, and these outputs were compared against reference
answers using a larger evaluation model. This evaluation strategy was selected because it provides a more practical
measure of response usefulness and quality compared to simple keyword-based accuracy metrics.

The primary evaluation metric was winning rate, defined as the percentage of generated responses that
outperform reference outputs. This metric captures how well the model performs in relative terms and is well
suited to comparative evaluation in chatbot-based tasks. It also reflects recent evaluation frameworks that
emphasize conversational and comparative assessment of LLM performance rather than relying only on traditional
accuracy measures [8]. As a result, the evaluation method supports more realistic benchmarking of domain-
specific chatbot performance.

F. Training and Submission Procedure

Each model was trained within a limited computational budget defined by allocated training hours on the cloud
platform. After a training job was completed, the resulting model followed three main steps: (1) the trained model
was registered in the system, (2) it was submitted to the leaderboard, and (3) it was evaluated automatically using
the predefined scoring mechanism.

Multiple submissions were allowed throughout the experimentation process, with only the best-performing
model considered for final ranking. This setup encouraged iterative refinement, since users could improve the
dataset or adjust the training parameters and resubmit updated models. Such a workflow is consistent with
competition-based learning environments, where repeated experimentation and performance comparison play an
important role in developing practical Al skills [13]. In this study, the submission process also served as an
important feedback mechanism for guiding further optimization.

Overall, the experimental setup integrates cloud-based infrastructure, efficient model configuration, structured
datasets, systematic hyperparameter tuning, and robust automated evaluation. This combination provides a
practical and scalable framework for developing domain-specific LLM chatbot systems in an accessible and
competition-oriented environment.

V. RESULTS AND ANALYSIS

This section presents the experimental results obtained from multiple fine-tuning configurations, followed by
an in-depth analysis of model performance based on dataset characteristics and hyperparameter settings. A total
of 46 experimental runs were conducted, and model performance was evaluated using the win rate (%) metric.
Only the most representative and significant configurations are summarized to highlight key performance trends
observed throughout the experiments.

A. Quantitative Results

The quantitative results highlight the relationship between dataset size, training parameters, and model
performance. The selected experimental configurations and their corresponding win rates are summarized in Table
2.
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TABLE 2

SELECTED EXPERIMENTAL CONFIGURATIONS AND PERFORMANCE SUMMARY

Exp ID Dg:zzlzet Epochs Leﬁ;ltling Wi(l:, /i{)ate Observation
El 300 1 0.0001 8 Very low performance, limited dataset depth
E2 950 1 0.0001 16 Underfitting due to insufficient epochs
E3 950 10 0.0001 24 Improved learning
E4 950 12 0.0001 26 Slight improvement
ES 950 14 0.0001 28 Peak before overfitting
E6 950 20 0.0001 14 Overfitting occurred
E7 220 10 0.0001 46 Significant improvement after dataset refinement
ES8 240 10 0.0001 56 Further improvement
E9 255 10 0.0001 48 Performance drops due to unsuitable data
E10 259 10 0.0001 58 Improved after dataset revision
Ell 276 10 0.0001 60 Best performance achieved
E12 440 10 0.0001 54 Larger dataset but reduced quality
E13 269 10 0.0001 58 Stable performance
El4 276 10 0.0001 62 Consistent best performance

Table 2 shows that model performance does not improve proportionally with an increase in dataset size. In the
early experiments (E1-E6), even with a large dataset of 950 samples, the model achieved relatively low win rates
ranging from 16% to 28%. This indicates that increasing dataset quantity alone is insufficient to guarantee better
performance, particularly when the dataset lacks consistency or contains redundant patterns.

In contrast, experiments involving smaller but refined datasets (E7-E14) demonstrate a significant
improvement in performance, achieving win rates between 46% and 62%. Notably, E14 achieved the highest win
rate of 62%, despite using a dataset size of only 276 samples. This clearly suggests that dataset quality, coherence,
and relevance play a more critical role than dataset size in fine-tuning performance.

Furthermore, fluctuations in performance, for example, E8 to E9, where performance drops from 56% to 48%
indicate that adding new data without proper validation may introduce noise or inconsistencies, ultimately
degrading model performance. This highlights the importance of careful dataset curation rather than
indiscriminate data expansion.

B. Hyperparameter Impact

To further understand the impact of training parameters, an ablation study was conducted focusing on the
number of training epochs while keeping other variables constant. The results are summarized in Table 3.

TABLE 3

EFFECT OF EPOCHS ON MODEL PERFORMANCE (DATASET SIZE = 950)

Epochs Win Rate (%) Observation
1 16 Underfitting
10 24 Improved learning
12 26 Slight improvement
14 28 Optimal performance
20 14 Opverfitting
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Table 3 shows that the number of training epochs has a significant influence on model performance. At lower
epoch values, the model exhibits clear underfitting, as it has not sufficiently learned from the dataset. As the
number of epochs increases, the model performance improves gradually, reaching an optimal point at
approximately 10 to 14 epochs.

However, further increasing the epochs to 20 results in a sharp decline in performance, indicating overfitting,
where the model becomes too specialized to the training data and loses its ability to generalize. This trend confirms
that there exists an optimal training range, beyond which additional training negatively impacts performance.

Despite the importance of hyperparameter tuning, comparison with Table 2 reveals that hyperparameters alone
do not determine overall performance. Even with optimal epoch settings, models trained on poorly structured
datasets still produce lower win rates. Therefore, dataset quality remains the dominant factor influencing
performance.

C. Dataset Characteristics and Their Impact

The dataset used in this study is structured in an instruction—response (QnA) format, designed to reflect realistic
chatbot interactions. Each entry consists of a clearly defined instruction paired with a detailed and contextually
relevant response.

The dataset exhibits several important characteristics:

(i) Explicit and well-defined instructions, reducing ambiguity in user queries

(ii)) Comprehensive and structured responses, incorporating explanations, comparisons, and logical reasoning
(iii) Consistency in writing style and terminology, supporting stable model learning

(iv) Diversity of question types, including descriptive, analytical, and scenario-based queries

(v) Iterative refinement process, involving removal of low-quality entries and revision of ambiguous questions

The impact of these characteristics is strongly reflected in the experimental outcomes. For instance, the
performance drop observed in E9 (255 dataset, 48%) compared to E8 (240 dataset, 56%) indicates that newly
added data may not always align with the existing dataset distribution. Similarly, increasing dataset size to 440
(E12) resulted in a lower win rate compared to smaller datasets, reinforcing that larger datasets do not necessarily
lead to better performance if data quality is compromised.

On the other hand, experiments that involved refinement and restructuring existing QnA pairs consistently
showed performance improvements, eventually achieving the highest win rate of 62%. This demonstrates that
well-curated datasets with coherent structure and meaningful variation are essential for effective fine-tuning.

D. Qualitative Results and Error Analysis

In addition to quantitative evaluation, qualitative analysis was conducted to assess the nature and quality of
model-generated responses. In the early stages of experimentation, the model frequently produced responses that
were generic, shallow, or partially aligned with the query, particularly when trained on limited or inconsistent
datasets.

As the dataset was progressively refined, the model demonstrated notable improvements in:
(i) Contextual understanding of queries

(i) Logical organization of responses

(ii1) Relevance to domain-specific topics

However, several limitations were identified during testing:

(1) The model remains highly sensitive to dataset composition, where minor inconsistencies can significantly
affect performance

(ii) Overfitting occurs at higher epoch values, reducing generalization capability

(i) The model struggles with complex or multi-step reasoning tasks when similar patterns are
underrepresented in the dataset

Error cases were commonly observed when queries deviated from training patterns or required deeper
reasoning beyond the dataset’s coverage. These findings suggest that further improvements may require enhanced
dataset diversity and more advanced training strategies.

Overall, the results clearly demonstrate that dataset quality is the most influential factor in determining model
performance, followed by appropriate hyperparameter tuning. The best-performing configuration achieved a win
rate of 62%, indicating successful domain adaptation within the given constraints.

The key findings of this study can be summarized as follows:
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(1) High-quality and well-structured QnA datasets significantly improve model performance
(i) Optimal epoch selection (10—14) is necessary to balance learning and generalization
(iii) Dataset refinement is more effective than increasing dataset size

These findings confirm that a systematic approach to dataset design and optimization is essential for developing
a robust and high-performing domain-specific LLM.

VI. CONCLUSION

This study presented the development of a domain-specific Large Language Model (LLM) chatbot within the
context of the POLYCC LLM League 2025, integrating efficient fine-tuning and a structured evaluation pipeline.
The proposed approach addressed key challenges in LLM deployment, particularly the need for domain
adaptation, reliable response generation, and accessible development workflows. By leveraging a pre-trained
instruction-based model and applying parameter-efficient fine-tuning, the system successfully adapted general
knowledge into domain-specific understanding using a structured question—answer dataset.

The experimental results demonstrate that model performance is highly dependent on dataset quality rather
than dataset size alone. The findings show that carefully curated and well-structured datasets significantly improve
response accuracy and relevance, as reflected by the highest achieved win rate of 62%. In addition, the ablation
analysis confirms that appropriate hyperparameter tuning, particularly the selection of training epochs, is essential
to balance learning and generalization. While increasing epochs initially improves performance, excessive training
leads to overfitting, reducing the model’s ability to generalize to unseen queries. Overall, the study highlights that
a combination of high-quality dataset design, controlled training configuration, and systematic evaluation is
critical for achieving a robust domain-specific LLM.

Beyond technical performance, this work also demonstrates the effectiveness of a gamified, cloud-based
competition environment in supporting practical Al development. The use of a no-code platform enables broader
participation, allowing users with limited programming experience to engage in meaningful machine learning
workflows, including data preparation, model training, and evaluation. This aligns with educational objectives by
promoting hands-on learning and skill development in generative Al.

For future work, several enhancements can be considered. First, the integration of Retrieval-Augmented
Generation (RAG) can be explored to improve factual grounding and reduce hallucination by incorporating
external knowledge sources. Second, further refinement of dataset design, including more complex reasoning
tasks and multi-turn conversational data, may enhance the model’s ability to handle advanced queries. These
directions have the potential to further improve both the reliability and applicability of domain-specific LLM
chatbot systems.
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