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ABSTRAK

Sistem chatbot Humbet Al pada platform Kelas Digital Huma Betang
sebelumnya menggunakan pendekatan rule-based yang bergantung pada
pencocokan kata kunci, sehingga mengalami kesulitan dalam memahami variasi
bahasa alami, kueri ambigu, dan pertanyaan kompleks. Penelitian ini bertujuan
mengimplementasikan metode Retrieval-Augmented Generation (RAG) untuk
meningkatkan kemampuan chatbot dalam menghasilkan jawaban. Arsitektur yang
dikembangkan menerapkan konsep Advanced RAG dengan mengintegrasikan
Query Refinement (RQ-RAG), Dynamic Retrieval (DRAGIN), semantic chunking,
embedding, dan vector database. Basis pengetahuan dibangun dari 6 dokumen
panduan Kelas Digital Huma Betang yang diproses menjadi 82 chunk dan disimpan
dalam basis data vektor. Model Google Gemini 2.5 Flash digunakan sebagai Large
Language Model tanpa proses fine-tuning.

Evaluasi kualitas respons dilakukan menggunakan metode G-EVAL dan Win
Rate Analysis (MT-Bench), sedangkan evaluasi pipeline RAG dilakukan
menggunakan RAGAS. Hasil penelitian menunjukkan bahwa sistem memperoleh
rata-rata skor G-EVAL sebesar 4,825, meningkat 40,6% dibandingkan sistem lama
yang memperoleh skor 3,431. Pada evaluasi Win Rate Analysis, sistem RAG
memenangkan 87,5% pengujian head-to-head terhadap sistem baseline. Evaluasi
menggunakan RAGAS menghasilkan skor rata-rata faithfulness sebesar 0,797,
answer relevancy sebesar 0,476, dan context utilization sebesar 0,709, yang
menunjukkan bahwa sistem mampu memanfaatkan konteks secara efektif serta
menghasilkan jawaban yang akurat dengan tingkat halusinasi yang rendah. Hasil
menunjukkan bahwa Advanced RAG berhasil meningkatkan kualitas layanan
informasi pada chatbot Humbet Al.

Kata kunci: Retrieval-Augmented Generation, Advanced RAG, Chatbot, Large
Language Model, Kelas Digital Huma Betang.
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ABSTRACT

The Humbet Al chatbot in the Huma Betang Digital Learning platform
previously employed a rule-based approach relying on exact keyword matching,
which limited its ability to understand natural language variations, ambiguous
queries, and complex questions. This study aims to implement the Retrieval-
Augmented Generation (RAG) method to improve the chatbot's capability in
generating contextual and relevant responses. The proposed architecture adopts an
Advanced RAG framework by integrating Query Refinement (RQ-RAG), Dynamic
Retrieval (DRAGIN), semantic chunking, embedding, and a vector database. The
knowledge base was constructed from six Huma Betang user manual documents,
processed into 82 semantic chunks and indexed in a vector database. Google
Gemini 2.5 Flash was employed as the Large Language Model without additional
fine-tuning.

Response quality was evaluated using G-EVAL and Win Rate Analysis (MT-
Bench), while the RAG pipeline was assessed using RAGAS. The experimental
results demonstrate that the proposed system achieved an average G-EVAL score
of 4.825, representing a 40.6% improvement over the baseline system, which
obtained a score of 3.431. In the head-to-head comparison, the proposed RAG
system achieved an overall 87.5% win rate against the existing rule-based chatbot.
Furthermore, the RAGAS evaluation produced average scores of 0.797 for
faithfulness, 0.476 for answer relevancy, and 0.709 for context utilization,
indicating that the retrieval mechanism effectively provides relevant context and
supports the generation of accurate responses with a low level of hallucination.
These findings demonstrate that the implementation of the Advanced RAG
architecture significantly improves the quality of information services provided by
the Humbet Al chatbot compared with the previous rule-based approach.

Keywords: Retrieval-Augmented Generation, Advanced RAG, Chatbot, Large
Language Model, Huma Betang Digital Learning System.
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