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Retrieval-Augmented Generation (RAG) technology plays an 

important role in the field of artificial intelligence, combining the 

strengths of information retrieval systems with the generative 

capabilities of large language models. This study explores the 

application of RAG technology to further develop adaptive 

learning in computer science teaching. The application of RAG 

technology to computer science teaching will serve to overcome 

the limitations of traditional teaching methods through a question-

based intelligent learning environment. The study was conducted 

on five computer science topics. A structured set of 20 questions 

with precise answers was developed for each topic. The structure 

based on these questions allows RAG technology to retrieve 

relevant information and generate specific explanations, which 

promotes deeper understanding and connections of computer 

science knowledge. The results show that RAG technology can 

significantly support learners in computer science teaching. 
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1. Introduction 
 

Teaching computer science is very important in today's digital world. It not only equips students 

with the technical skills needed in a rapidly changing job market, but also helps them develop critical 

thinking and problem-solving skills that are essential in all disciplines. Since computer science is the 

foundation of all technological innovations, acquiring effective knowledge and skills in this field is a 

top priority for universities. 

Currently, traditional methods of teaching computer science are inadequate in the process of 

adaptive learning. Since the materials are not developed in accordance with the knowledge and skills 

of each student, they can limit students' learning and cannot adapt to individual learning styles. In 

addition, students often have difficulty understanding abstract concepts without interactive and 

contextual support, which can lead to frustration and gaps in knowledge. 

Latest advances in artificial intelligence offer promising solutions to these problems. One such 

innovation is Retrieval-Augmented Generation (RAG) technology, a hybrid AI model that combines 

the strengths of information retrieval systems with the dynamic response capabilities of generative 

language models [1-4]. RAG systems first retrieve relevant information from a database or collection 

of documents, then use a language model to generate coherent, context-aware responses. This enables 

a highly adaptive and personalized learning process that goes beyond static content. 
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This study proposes the use of RAG technology to improve the teaching and learning of 

computer science through a question-and-answer system. Five topics were selected from among the 

computer science topics taught at universities, and an experiment was conducted. RAG technology 

was applied based on structured questions prepared for the topics, and accurate and contextual 

answers were obtained that were tailored to the needs of the students. 

 

2. Background 

 

The integration of artificial intelligence (AI) into education has increased significantly in recent 

years. AI systems are increasingly being used to personalize learning, assess student knowledge, and 

provide real-time feedback. Holmes (2021) [5] and Zawacki-Richter (2019) [6] and other researchers 

emphasize that AI, especially when incorporated into intelligent learning systems, can bridge learning 

gaps and make education more comprehensive and effective. 

Retrieval-Augmented Generation (RAG) is a new AI approach that combines two separate 

components: a retriever and a generator. First introduced by Lewis et al. (2020) [7], RAG models 

extract relevant contextual documents from a corpus and synthesize this extracted information with 

the input query to generate responses. This hybrid architecture addresses a key limitation of purely 

generative models by basing responses on factual source data. 

RAG has been successfully applied in areas such as customer support, legal document 

processing, and academic research (Yao et al., 2023) [8]. Its growing use in education is reflected in 

studies showing that building on structured knowledge bases can improve factual accuracy and reduce 

misinformation in AI responses (Zhou et al., 2022) [9]. 

Structured questions, i.e., questions that are designed to be focused and systematic, based on a 

predetermined logical and pedagogical structure, have long been a key element in pedagogy. They 

stimulate active recall, reinforce understanding, and help educators identify misconceptions. 

According to Bransford et al. (2000) [10], structured inquiry promotes critical thinking and 

metacognitive development. When combined with artificial intelligence systems, structured questions 

can be used for automated, formative assessment and personalized content delivery. 

Integrating RAG into computer science teaching allows for real-time, topic-specific answers to 

student questions based on a curated database of question-answer pairs. This structured approach 

leverages RAG’s adaptive capabilities to provide pedagogical adaptation. By incorporating question-

based learning into RAG-enabled systems, higher education institutions can create intelligent learning 

environments tailored to individual student needs. 

 

3. Application of RAG technology to support intelligent learning systems  

 

3.1. The role of RAG technology in education 

 

Retrieval-Augmented Generation (RAG) is an advanced artificial intelligence framework that 

combines two main components. Unlike traditional language models, which generate responses based 

solely on pre-learned knowledge, RAG improves the accuracy of the output by actively retrieving 

relevant information from external sources (such as document databases or knowledge bases) before 

generating a response. This approach allows RAG systems to provide more accurate, relevant, and 

contextually appropriate responses [11-13].  

The RAG process typically includes two main components: 

1. Retriever – Module that searches a large repository of documents to find links that best match 

the user's query. 

2. Generator – Language model that uses both extracted documents and its internal 

understanding to generate coherent, informative responses. 
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RAG technology is particularly effective in the learning process. It allows systems to tailor 

responses to individual students' questions, providing explanations based on reliable data. 

The result is a dynamic, adaptive learning process that surpasses static explanations of 

educational materials, in which students can explore topics through natural interaction, receive 

detailed explanations, and deepen their understanding with the help of artificial intelligence [14, 15]. 

 

3.2. Analysis of the dataset used 

 

For the effective application of RAG technology in computer science education, we selected 

five computer science topics taught at universities. The following are the five topics we selected: 

1. Computer science and its components. 

2. Stages of development of computer science. 

3. Modern computer software and its components. 

4. Operating systems and Windows OS. 

5. Algorithms and programming. 

For each topic, a structured set of 20 questions was developed, reflecting various subtopics, 

levels of difficulty, and learning objectives. Each question in the data set includes the following: 

• A clear name or identifier (e.g., "History of Third Generation Computers"); 

• Question formulation (e.g., "What characterizes third generation computer technology?"); 

• A correct and validated correct answer suitable for use in teaching by a subject expert; 

• Related theoretical chunks of text; 

• Title and distance values for those chunks. 

This structured dataset forms the basis of the RAG system's retrieval component. When a 

question related to the subject matter is asked, the model searches the question pool and its 

accompanying collection of documents for relevant information before generating a personalized, 

understandable, and pedagogically sound response. 

The methodology focuses not only on the accuracy of content, but also on student engagement 

and adaptability, making it a promising AI-based model for use in computer science education. 

The dataset we use is divided into chunks as illustrated in Fig.1.  

 

 
Fig. 1. Theory Chunks Distribution by Concept 

 

Chunking in RAG is breaking up concepts (topics) into smaller, manageable fragments. These 

fragments are designed to help the model perform better in the search and generation stages. Each 

concept (topic) is divided into subheaders, and each section is entered into the RAG system as a 
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"chunk". The question asked by the student is answered based on the corresponding chunks. 

 

 
Fig. 2. Distribution of Question Lengths (in words) 

 

 Fig. 2 shows the distribution of question lengths in words. Most questions are within the range 

of 5–10 words. This indicates that a structured and short question model is used. The question asked 

by the student is processed by the system, and an answer based on the related concept is provided. 

After studying the compilation of the dataset, to examine the principle of the model's operation, we 

will describe the mathematical expression of the principle of the Retrieval-Augmented Generation 

model in the next section. 

 

4. Model for applying RAG in computer science teaching 

 

4.1. Mathematical formalization of the RAG model 

 

In this section, we will demonstrate how RAG technology is applied to five topics in computer 

science education. Selected questions covering each topic constitute the input data for the RAG 

system, which finds and generates answers tailored to the student's needs. The RAG (Retrieval-

Augmented Generation) model, unlike traditional generation models, is based not only on learned 

information but also on knowledge obtained from external databases. The structure of this model 

consists of two main components: the search block and the answer generation block [16-20]. 

The function of the retrieval component (search block) is to find matching documents from an 

external database (most often a vector database) according to a given query. Let us denote the question 

or learning query given by the student by 𝑄 il. 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑁} is a database or collection of 

resources that contains the teaching topics of computer science. The search function 𝑅(𝑄, 𝐷) that 

selects documents that match the query finds teaching materials or examples that match the student's 

question. The most relevant 𝑘 number of topics or sources, 𝑇𝑜𝑝𝐾(𝑅(𝑄, 𝐷)) = {𝑑1
′ , 𝑑2

′ , … , 𝑑𝑁
′ }, are 

selected in response to the student's query.  

The generation component (answer generation block) is the generation function 𝐺(𝑄, {𝑑𝑖
′}) that 

generates an answer to the query 𝑄 based on the selected documents {𝑑𝑖
′}, and the answer 𝐴, which 

is the output of the model, is the final answer obtained by the model.  

For a query 𝑄, the probability of generating an answer 𝐴, aggregated over all found documents, 

is 𝑃(𝐴|𝑄): 

𝑃(𝐴|𝑄) = ∑ 𝑃(𝑑𝑖
′|𝑄)

𝑘

𝑖=1

∗ 𝑃(𝐴|𝑄, 𝑑𝑖
′). 

Here, 𝑃(𝑑𝑖
′|𝑄) is the probability of matching document 𝑑𝑖

′ to query 𝑄, and 𝑃(𝐴|𝑄, 𝑑𝑖
′) is the 

probability of generating response 𝐴 based on the given query 𝑄 and document. 
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The application of Retrieval-Augmented Generation (RAG) technology to computer science 

teaching makes it possible to overcome the long-standing limitations of traditional teaching methods. 

By using artificial intelligence to obtain relevant information in real time, RAG technology creates a 

more adaptive and effective learning environment. RAG systems allow students to receive support 

on topics they find difficult according to their individual characteristics and to review topics as 

needed. Unlike textbooks, RAG offers a dynamic approach to learning that adapts to each student's 

learning abilities. Traditional learning is based on pre-written lectures, which can limit interactivity 

and engagement. RAG offers an interactive question-and-answer structure that allows students to ask 

questions in natural language and receive clear, informative answers immediately. This 

conversational model mimics human learning, promoting deeper understanding and sustained 

interest. Since the RAG system consists of a live or regularly updated knowledge base, the 

information provided to students is always up to date. This is particularly useful in the rapidly 

changing and evolving field of computer science. RAG ensures that students receive the most current 

and accurate information available. 

 

4.2. General architecture of the system 

The application of the RAG system in the teaching of computer science consists of two main 

stages: the preparation and processing of information (Fig. 3) and the RAG process chain (Fig. 4). 

As shown in Fig. 4-d, the first stage of the system is the process of structuring and vectorizing 

information. This stage consists of three main components: 

1. Input data: The system works with two types of data: theories and questions. The theories 

consist of teaching materials covering various topics of computer science, while the 

questions are a structured dataset of 20 questions prepared for each topic. 

2. Indexing and chunking: At this stage, both the headers and content of the theoretical 

materials, as well as the questions, are processed separately. The theoretical materials are 

divided into header and content components, which enables more accurate searching. 

3. Vector representation of texts: Using OpenAI's “text-embedding-3-large” model, all text 

components are converted into 3072-dimensional vectors. These vectors represent the 

semantic content of the texts in mathematical form. 

4. Storage: Created vectors are stored in two separate collections in ChromaDB: the header 

collection and the content collection. Questions in JSON format are also stored together 

with their vectors. 

In this section, teaching materials are analyzed and structured. The theoretical materials 

divided into topics are first divided into small text fragments called chunks. Each chunk is arranged 

in a way that is relevant in terms of concept and content. These pieces are then converted to vector 

format and indexed in a vector database. At the same time, question-answer pairs are formalized for 

each topic and used as a basis for evaluation. 

 
Fig. 3. Preparation and processing of information 

Fig. 3. shows the basic operating principle of the RAG system which consists of five stages: 
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1. Starting stage: Student's query is accepted by the system from the JSON file and its pre-

prepared vector is used. 

2. Retrieval: Semantic search is performed in collections stored in ChromaDB. The system 

finds the conceptual segments that are most relevant to the query vector in both the header and content 

collections. 

3. Prompting (Augmentation): The found theoretical materials are combined with the student's 

question to create a contextual prompt for the GPT model. 

4. Generation: GPT-4o-mini model generates responses in the Azerbaijani language. 

5. Storage: The generated answer is saved in Excel format for subsequent evaluation. 

 

Fig. 4. RAG prosses chain 

 

The found concept information is transferred to the generation module, where the answer is 

formed. As a result, a context-based, accurate, and pedagogically appropriate answer is presented to 

the student. 

 

5. Evaluation criteria 

 To evaluate the application of RAG technology in the teaching of computer science, a dataset-

based experiment was conducted and the results were analyzed using a structured question-answer 

database. Each question in the dataset was compared with the answers generated by the model. During 

the evaluation, the correctness of the answer (content relevance) and the accuracy of the terminology 

were taken into account.  

 
 

Fig. 5. Average evaluation by concept 

 

 Fig. 5 illustrates the results of the average scores given by students and experts. This diagram 

provides a visual comparison of the RAG system's performance in different topics (chunks). The 

chunks are rated on a scale of [0,1] (0, 0.25, 0.5, 0.75, 1). 
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Based on the overall analysis, approximately 90–92% of the answers were found to be correct 

or highly relevant. The dataset showed that the RAG model generates answers consistent with the 

materials previously entered into the system and provides accurate information without deviating 

from the context. Although there are some differences in terminology and synonyms in some cases, 

these answers are acceptable from a pedagogical point of view. 

 

6. Conclusion 

 

The article demonstrates the significant impact of applying Retrieval-Augmented Generation 

technology to the teaching process of computer science on the development of artificial intelligence-

based learning. By combining the capabilities of information retrieval with generative language 

models, RAG creates a personalized, interactive, and reliable content-based teaching process. 

This study demonstrates how the structured, question-based methodology can be effectively 

applied to the teaching of computer science using RAG. The system supports a deeper comprehension 

of complex concepts and allows students to monitor their learning process. 

It reduces the workload of teachers and educators in educational institutions and creates an 

interactive and adaptive learning environment for students. It also helps students develop their 

knowledge and skills in a more accessible way.  

Furthermore, it supports the development of students' logical thinking, information retrieval, 

and problem-solving skills. 

It should be noted that the future application of RAG technology in other fields, the expansion 

of multilingual support, and its integration with learning management systems (LMS) will open up 

new horizons in this area. 
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