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Abstract: The integration of artificial intelligence (AI) in education has spurred 
advancements in learning tools. This study presents the development and evaluation 
of an intelligent educational chatbot system based on Large Language Models 
(LLMs) enhanced with Retrieval-Augmented Generation (RAG) techniques. The 
RAG mechanism allows the chatbot to retrieve precise academic information from 

reliable knowledge bases, surpassing traditional search methods to generate 
evidence-based, contextually relevant responses. Utilizing the Llama 3.2 model as 
its foundation, the system was piloted using question sets from the subject Teaching 
Methods in Informatics for High School Education, demonstrating its suitability for 
educational applications requiring high accuracy. The chatbot effectively supports 
self-directed learning by answering queries, generating quizzes, and offering 
dynamic, personalized assistance. This study contributes to the practical application 
of RAG-enhanced models in personalized education, showing potential to reduce 
instructional workload and foster learner autonomy. 
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1. INTRODUCTION  

Artificial intelligence (AI) is rapidly transforming various sectors [1-4], with 
education being a prime beneficiary [5]. The continuous advancement of AI-powered 

tools, particularly chatbots leveraging Large Language Models (LLMs), offers 

unprecedented opportunities to enhance learning experiences. Traditional pedagogical 

approaches, such as textbooks and conventional online courses, often struggle to provide 
the interactive and personalized support necessary for optimal learning outcomes. In 

contrast, machine learning models, and especially LLMs, can offer deeper insights and 

personalized assistance, addressing student learning difficulties individually [6, 7]. 

The potential of chatbots in education is widely recognized. It is posited that chatbots 

can enhance educational quality through personalized learning, engaging interactive 
environments, and real-time competency assessments with timely support [8-10]. 

Chatbots serve as readily available learning assistants, facilitating information retrieval, 

knowledge dissemination, and improved comprehension. Effective chatbot design can 

lead to a more seamless learning experience, while teachers can leverage student inquiries 
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to refine knowledge bases through automated question analysis and response generation. 
Notably, students often prefer chatbots over traditional search engines due to their ability 

to provide direct answers [11-14]. 

Further exploration of chatbot applications in education reveals diverse 

implementations. Fernoagă et al. [15] explored chatbots as personalized educational 

assistants, employing a microservices architecture to create an automated adaptive 
teaching system. However, this system's limitation in multiple-choice questions 

highlights the need for more versatile interaction capabilities. Shen [16] examined the 

broader integration of generative AI and LLMs in education, emphasizing the potential 

for personalized learning and teacher support, while also acknowledging challenges such 
as over-reliance on automated systems, content accuracy, and ethical concerns related to 

data privacy and bias. Ajani et al. [17] provided an overview of AI's role in enhancing 

higher education, identifying applications like personalized learning and adaptive 
platforms, while noting significant implementation challenges. Gan et al. [18] further 

highlighted the potential of LLMs to address persistent issues in education, such as 

student diversity and unequal resource distribution, through personalized learning and 

intelligent tutoring. 

A critical aspect of LLM implementation is addressing their inherent limitations, 

particularly in generating precise answers to specific queries. Lewis et al. [19] identified 
Retrieval-Augmented Generation (RAG) as a promising approach to improve LLM 

performance by enhancing response accuracy in domain-specific contexts. This is further 

substantiated by Das, Rangan, et al. [20], who demonstrated the effectiveness of 
integrating LLMs with knowledge-based retrieval systems in the medical domain. These 

findings underscore the potential of combining LLMs with structured knowledge bases 

to generate precise answers in specialized fields. 

Despite the growing integration of LLMs in education, the widespread adoption of 

open-source LLMs remains limited. This research aims to address this gap by developing 
a chatbot based on an open-source LLM, integrated with RAG techniques. By combining 

the generative capabilities of LLMs with the precision of information retrieval, this 

chatbot aims to serve as an intelligent and adaptable learning companion, supporting 

students across diverse educational settings. 

While challenges persist, the advancements in AI and LLM-based chatbots, 

particularly when coupled with RAG techniques, present substantial opportunities for 
educational transformation. By generating more precise and contextually relevant 

responses, these chatbots can significantly enhance the effectiveness of AI-driven 

learning support systems. 
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This study aims to: 

 Develop an LLM-based chatbot with robust learning support capabilities. 

 Implement RAG techniques to enhance response accuracy and relevance. 

 Evaluate chatbot performance through quantitative metrics. 

2. RESEARCH CONTENT 

2.1. Data and Methods 

2.1.1. Chatbot System Architecture 

The chatbot workflow involves user queries being processed by an LLM integrated 
with a knowledge base stored in ChromaDB. The system retrieves relevant context before 
generating responses. When a user submits a query, the data is transmitted to the server, 
where it undergoes processing before being delivered back to the user's terminal. All 
system and user data are stored in a database for research and system enhancement 
purposes. 

 

 

 Figure 1. Chatbot workflow diagram 

2.1.2. Retrieval-Augmented Generation (RAG) 

RAG combines retrieval-based knowledge retrieval with LLM-based response 
generation. This approach ensures more accurate and contextually relevant responses. 
This technique integrates knowledge retrieval methods with vectorized data and large 
language models to generate accurate and contextually relevant responses for users. The 
system is implemented using ChromaDB's vector retrieval engine. The diagram below 
illustrates the RAG (Retrieval-Augmented Generation) process when a user queries 
specific topics. 
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Figure 2. User interaction progress with the RAG system 

The chatbot’s knowledge base is created by: 

 Extracting content from PDF documents using PyPDF2. 

 Splitting text into smaller segments with LangChain. 

 Generating embeddings using the BAAI/bge-m3 model. 

 Storing processed data in the ChromaDB vector database. 

2.1.3. Evaluation 

The evaluation of RAG systems demands methodologies that account for both 
retrieval and generative performance. DeepEval provides a robust and scalable 
framework for assessing these aspects, offering superior insights compared to traditional 
evaluation techniques. Its integration into RAG system assessment pipelines can lead to 
more reliable and effective AI-driven solutions. In this study, we use the three following 
parameters to evaluate the performance of the RAG system. 

2.1.3.1. Answer Relevancy 

Answer Relevancy measures the degree to which the generated response aligns with 
the user query. This parameter ensures that the chatbot effectively interprets user intent 
and produces responses that are contextually appropriate. High relevancy scores indicate 
that the system retrieves and utilizes pertinent information, improving user satisfaction 
and reducing misleading outputs. 
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2.1.3.2. Faithfulness 

Faithfulness assesses whether the generated response remains factually accurate 

concerning the retrieved content. One of the primary challenges of generative AI is 

hallucination–where the model produces plausible but incorrect or unverifiable 
information. By incorporating this metric, we ensure that RAG systems generate reliable 

and fact-based responses, reinforcing trustworthiness in applications such as legal, 

medical, and financial domains. 

2.1.3.3. Context Precision & Recall 

The effectiveness of retrieval directly impacts the quality of generated responses. 

Context Precision & Recall quantify how well the retrieved documents contribute to the 

response. Precision evaluates whether retrieved documents are relevant to the query, 
while Recall measures whether all necessary documents have been retrieved. Balancing 

both ensures that the chatbot has access to comprehensive and accurate information, 

minimizing irrelevant content and improving overall response quality. 

2.2. Results and Discussion  

Using Llama3.2:3B and BAAI/bge-m3 embedding, chatbot responses were evaluated 

on 50 random questions on the topic of teaching methods for Informatics at the primary 

education level. The content of these questions was developed in alignment with the 
current General Education Curriculum issued by the Ministry of Education and Training 

of Vietnam in 2018. The primary source materials for question development were 

professional training documents and thematic materials on Informatics teaching methods 
for primary school teachers. The questions were divided into two categories: 25 questions 

requiring the ability to synthesize information from the documents, and 25 questions 

designed to assess the chatbot’s reasoning capabilities. 
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Figure 3. Statistics on the relevancy metric of responses to 50 random questions on the topic of 
teaching methods for Informatics when using a chatbot powered by the Llama 3.2 3B model combined 

with the RAG method, utilizing the BAAI/bge-m3 embedding model. 

 

Figure 4. Statistics on the faithfulness metric of responses to 50 random questions on the topic of 
teaching methods for Informatics when using a chatbot powered by the Llama 3.2 3B model combined 

with the RAG method, utilizing the BAAI/bge-m3 embedding model. 
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Figure 5. Statistics on context precision and context recall of responses to 50 random questions on the 
topic of teaching methods for Informatics when using a chatbot powered by the Llama 3.2:3B model 

combined with the RAG method, utilizing the BAAI/bge-m3 embedding model. 

 

Figure 6: Boxplot on 4 metrics of responses to 50 random questions on the topic of teaching methods 
for Informatics when using a chatbot powered by the Llama 3.2 3B model combined with the RAG 

method, utilizing the BAAI/bge-m3 embedding model. 

The dataset used for evaluation comprises 50 randomly selected questions related to 
teaching methods for informatics in secondary schools, with all questions formulated in 
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Vietnamese. Although LLaMA 3.2 does not natively support Vietnamese, the results 
remain acceptable. 

Figures 3 and 4 highlight that the Answer Relevancy and Faithfulness scores of 

LLaMA 3.2: 3B, when combined with the Retrieval-Augmented Generation (RAG) 

approach, effectively address the challenges identified in prior studies regarding model 

accuracy in specialized domains. This suggests that the model can provide learners with 
a more personalized learning experience. 

Figure 5 presents the scatter plot of Context Precision and Context Recall. Overall, 
the system demonstrates the ability to retrieve the necessary information for generating 

responses accurately. However, in some instances, the retrieved information remains 

insufficient. 

Figure 6 illustrates the overall performance of the LLaMA 3.2: 3B model in 

responding to user queries. The evaluation results based on four key metrics—Answer 
Relevancy, Faithfulness, Context Precision, and Context Recall—demonstrate that 

LLaMA 3.2: 3B is fully capable of analyzing, synthesizing, and providing accurate 

responses to users. Moreover, from a cost-efficiency perspective, the model's 

significantly smaller parameter count compared to other models and its open-source 
nature make it a viable solution to challenges discussed in prior studies, particularly 

concerning response accuracy, efficiency, and privacy issues associated with closed-

source models. 

However, when using the DeepEval framework, the evaluation results rely on another 

LLM, which may sometimes necessitate human review, as the LLM may not fully capture 
all nuances of the transmitted information. 

In summary, the effectiveness of the RAG approach in this system is acceptable for 
applications requiring high accuracy. Compared to the system proposed in [20], which 

integrates RAG with Hybrid Search and employs a closed-source model, our study 

demonstrates that a purely RAG-based approach combined with Vector Similarity Search 
and an open-source language model can yield competitive results. Specifically, using 

DeepEval benchmarking, the model in [20]—which employs Claude 3 Opus—achieves 

an Answer Relevancy score of 0.9, Faithfulness of 1, and Context Precision of 0.37. In 

contrast, our system achieves an average Answer Relevancy score of 0.9, Faithfulness of 
0.9, and Context Precision of 0.8. These results underscore the effectiveness of the open-

source LLaMA 3.2 3B model and the RAG approach with Vector Similarity Search for 

high-accuracy applications. 
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3. CONCLUSION 

In conclusion, this research successfully developed and evaluated a chatbot 
employing open-source LLMs and a vector database, demonstrating its potential to 

support student learning through question answering. The Llama 3.2 3B model proved 

effective in a Retrieval Augmented Generation (RAG) system, providing accurate 
responses to common student inquiries. However, the study identified limitations in the 

RAG system's reliability, likely stemming from challenges in query vectorization. 

Optimizing query processing algorithms is crucial for future improvements. Furthermore, 

while the Llama 3.2 3B model performed well on routine questions, its performance on 
complex, reasoning-intensive queries was moderate, suggesting a need for further model 

refinement or alternative architectures to enhance performance in these areas. These 

findings highlight both the promise and the challenges of utilizing LLMs within RAG 
systems for educational support, pointing towards specific avenues for future research 

and development. 
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NÂNG CAO KHẢ NĂNG HỌC TẬP CỦA SINH VIÊN VỚI CHATBOT SỬ DỤNG MÔ HÌNH 

NGÔN NGỮ LỚN KẾT HỢP KỸ THUẬT RAG 

Nguyễn Việt Hà, Trần Tuấn Vinh 

Tóm tắt: Việc tích hợp trí tuệ nhân tạo (AI) vào lĩnh vực giáo dục đã góp phần thúc 
đẩy sự tiến bộ trong việc phát triển các công cụ hỗ trợ học tập. Nghiên cứu này trình 
bày quá trình phát triển và đánh giá một hệ thống chatbot giáo dục thông minh dựa 
trên Mô hình ngôn ngữ lớn (LLM) kết hợp kỹ thuật Tạo sinh dựa trên truy xuất tăng 
cường (Retrieval-Augmented Generation – RAG). Kỹ thuật RAG cho phép chatbot 
truy xuất thông tin học thuật chính xác từ các cơ sở dữ liệu chứa kiến thức đáng tin 
cậy, vượt qua các phương pháp tìm kiếm truyền thống để tạo ra các phản hồi có căn 
cứ và phù hợp với ngữ cảnh. Hệ thống ứng dụng mô hình Llama 3.2, được thử 

nghiệm với bộ câu hỏi của môn Phương pháp dạy học môn Tin học ở trường phổ 
thông và kết quả cho thấy hệ thống có thể đáp ứng được các yêu cầu đòi hỏi độ 
chính xác cao. Chatbot có thể hỗ trợ hiệu quả việc tự học bằng cách trả lời các truy 
vấn tạo câu hỏi và cung cấp hỗ trợ thích ứng với nhu cầu của người học. Nghiên 
cứu này đóng góp vào việc ứng dụng thực tiễn các mô hình kết hợp RAG trong giáo 
dục nhằm giảm tải khối lượng giảng dạy và nâng cao tính tự chủ cho người học. 

Từ khóa: Chatbot, mô hình ngôn ngữ lớn, tạo sinh dựa trên truy xuất tăng cường, 
mỗ trợ học tập, AI trong giáo dục. 
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