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Abstract    

The research study developed an adaptive learning system based on LLMs and RAG technology to deliver 

customized educational content. The system differentiates from traditional LLM educational software by accepting 

complete lecture materials, which ensure quiz responses and feedback match the specific content of the current 

course. The application retrieves dynamic, relevant content from lecture slides to provide focused, structured 

learning that goes beyond standardized, pre-trained responses. Pinecone serves as a vector database for semantic 

content retrieval, and OpenAI provides GPT for natural language generation from the system architecture. The 

educational materials undergo Sentence Transformers processing to create semantic embeddings that enable both 

precise content retrieval as well as contextual adjustments. Specific course materials determine the alignment of 

quizzes and feedback through this method instead of using pre-existing knowledge as a basis. The system's 

functionality verifies that it obtains lecture-specific content while producing structured quiz questions that create 

context-based feedback responses. The system was implemented for an individual subject, where it demonstrated 

its ability to generate structured quizzes and performance-based feedback. An evaluation that took 42 IT education 

experts confirmed high relevance (66.7% rated Very Relevant) and accuracy (54.8% Mostly Accurate, 42.9% Very 

Accurate) for digital learning environments. Compared to ChatGPT, the system excels in personalized content 

generation but requires improvements in scalability and complex content accuracy. The future research tasks will 

analyze new retrieval approaches alongside optimized content selection methods and different retriever 

comparisons to boost accuracy and adaptability rates. 

Keywords: Adaptive Learning; Large Language Models; Personalized Education; Quiz Generation; Retrieval-

Augmented Generation 

Introduction 

AI has revolutionized educational practices through new techniques for teaching and evaluating students and 

fostering their engagement. AI-driven technologies established themselves as essential building blocks in 

educational technology products and systems during the last ten years (Chaudhry & Kazim, 2022). The educational 

realm utilizes intelligent tutoring systems while applying automated grading systems and leveraging predictive 

analytics to monitor student performance, along with delivering virtual teaching assistance (Lin et al., 2023). 

Teachers utilize AI to conduct instant analysis of student data for delivering learning material adapted to personal 

educational needs. 
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AI provides education with an essential advantage through its ability to scale up effectively. AI technology 

maintains high educational standards even when serving substantial student enrolment numbers. AI systems 

supply reliable feedback that helps students understand their particular skills, as well as their learning weaknesses. 

Accessibility presents itself as a main advantage of this technology (Shalini & Tewari, 2020). AI systems allow 

learners to obtain educational content at any time and from any place, which particularly enhances learning 

accessibility for students in distant or insufficiently supported locations (Basogain et al., 2017). Personalized 

learning is a new way of conducting education that pre-adjusts learning opportunities to match the capabilities, 

aspirations, and requirements of individual students, departing from the obsolete one-size-fits-all schooling 

paradigm (Tetzlaff et al., 2021). It adjusts delivery of content, assessment, and teaching techniques to achieve 

maximum learning outcomes. Personalized learning encourages students to plan and monitor their learning goals, 

promoting independence and motivation, as well as creating lifelong learners (Alamri et al., 2020).  However, a key 

weakness of existing systems based on the use of LLM in education is the fact that they use a fixed token window 

to process conversational context. The further the interaction evolves, and more tokens are reached, the more 

previously acquired materials like lecture slides or previously held discussions can be discarded, resulting in less 

accurate or out-of-context answers. This poses a significant obstacle to educational applications where continuity 

and contextualized long-term preconditions are needed. This study fills this need by examining how the Retrieval-

Augmented Generation (RAG) can be integrated in merging relevant information with external resources (e.g., 

lecture notes or course materials) so that each user query can be dynamically retrieved, and all the contextual 

information can be accessed, no matter how limited in terms of tokens the user is. 

Research Objectives and Research Questions 

The key elements of the research design are illustrated in Figure 1 below by defining the problem statement, the 

respective research questions (RQs), and the core research objective and its research objectives (ROs). 

 

Figure 2 

Research Question vs. Research Objective Mapping 
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Materials and Methods  

The design and assessment of the adaptive learning platform described in this research chapter combine 

technologies of Retrieval-Augmented Generation (RAG) with Large Language Models (LLMs) in order to 

personalize learning. The methodology involves a systematic process involving research objectives determination, 

system design, information gathering, indexing, content creation, user interface development, and assessment. The 

process depicted in the attached Figure is represented in pictorial form, where it starts from data preprocessing and 

embedding, passes through the retrieval, generation, and lands on adaptive learning and iterative refinement. Thus, 

the system ensures it attends to individual learner needs effectively. Research objectives were developed based on 

a systematic process that initially involved an in-depth literature review, application of snowballing, and a 

systematic review on platforms such as Google Scholar, IEEE Xplore, and Springer. In this stage, crucial flaws were 

detected in current adaptive learning systems, for example, the lack of strong personalization algorithms, incorrect 

semantic search, and deficient dynamic content adjustment according to an individual's learning rhythm. More 

expert feedback from the experts in education technology, AI, and machine learning refined these objectives even 

more as it became clear that scalability to accommodate various learners and real-time personalization based on 

performance metrics were needed, and as such, shaped the system’s focus on flexibility and effectiveness. System 

development included preprocessing of educational content like lecture PDFs and textbooks through a complicated 

preprocessing pipeline described in the initial stages of Figure 2. Text extraction based on the PyPDF (a pure Python 

library that can be used to manipulate PDF files), chunking for fast indexing, and semantic embedding with the 

help of Sentence Transformers transform the content into vector representations that are saved in the form of a 

Pinecone vector database. The platform also gathers student interaction information (such as quiz scores and 

response times) to personalize learning experiences. Issues such as the lack of consistency in the quality of content, 

the need to process in real-time, and scalability concerns are overcome through standardization and optimization 

of the system to dynamically align instructional materials to students’ needs. 

Semantic indexing and context retrieval are the essence of the platform’s functionality to deliver relevant content, 

as illustrated in Figures “Embedding”, “Pinecone Database Storage”, and “Retrieval” stages. The semantic search, 

which is based on Sentence Transformers and Pinecone, converts queries into embedding with the help of cosine 

similarity to locate the most relevant educational content. This approach beats old-time keywords-based searches 

by extracting the context of the query so that the retrieved materials are compatible with the student’s learning 

status and needs, which not only enriches his or her learning experience but also provides concise and context- 

centered responses. 
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The LLM makes use of retrieved content to generate individualized quizzes, explanations, and supplementary 

materials based on the specific pace at which each student is learning. Observed in the “Adaptive Learning” box is 

the adaptive learning mechanism that dynamically adapts quiz difficulty and complexity of content based on such 

performance metrics as results of the quiz or duration of interaction in order to guarantee an individual educational 

experience that considers strengths and weaknesses. Lastly, the user interface and the evaluation strategy would 

mark the end of forming the design of the system, as shown in the final stages of the Figure. A Streamlet-based UI 

offers an easy-to-use platform for students to interact with content, track progress, and get immediate feedback, 

which includes adjusting the difficulty of the quiz based on previous performance into consideration. “Evaluation” 

and “Iterative Refinement” steps include evaluation of system effectiveness by means of user testing, performance 

metrics, and expert analysis: Key Performance Indicators (KPIs) approach. This cycle of perpetual improvement 

makes the platform adapt to the educational needs of the future, providing a smooth and adaptive platform for the 

students. 

Results  

The Adaptive Learning platform proves itself to be robust in an educational tool, where it implements four central 

tabs – Content Management (Figure 2), Tutorial Generator (Figure 3), Quiz Generator (Figure 4), and Progress 

Analytics, complemented by a progress indicator to establish an efficient, personalized learning environment. 

Expert feedback highlights its efficacy towards exploiting loaded content, including lecture PDFs, to create one-to-

one learning paths. Equipped with an intuitive drag-and-drop interface, the “Process Uploads” command, and the 

“Clear All Content” option, the Content Management Tab was well-appreciated for its simplicity and ease of 

preparing materials, laying a solid foundation for individualized learning. 

Figure 3 

Methodology of the Research 
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The Tutorial Generator Tab automates an elaborate tutorial outline through the “Generate Tutorial Structure” 

button, which encompasses essential components such as Introduction, Core components, and Real-world 

applications, where “Enhance Section” is a customizable feature to cater to the various needs of students. The Quiz 

Generator Tab allows for dynamic quiz generation from chosen topics and levels of difficulty, which also involves 

a progress indicator for increased engagement with improvements recommended by experts for intricate subjects. 

Flexibility and adherence to the needs of users were stated as important strengths of both tabs. 

The Progress Analytics Tab provides real-time insights, including score breakdowns and graphical analytics of 

strengths and weaknesses, to help instructors change content and difficulty levels due to engagement data. This 

tab’s real-time monitoring function was notably distinguished for making continuous improvement of learning 

development. Overall, the structured functionality of the platform and user-friendly interface on all the tabs were 

positively met by experts, and some aspects for improvement were identified. 

Figure 5  

Relevancy to Modern Environment 

Figure 6  

 Accuracy of the Tutorials and Quizzes 

Content Management Tab of the System Quiz Generation Tab 

Tutorial Generation Tab 
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The evaluation of the Adaptive Learning System by 42 IT education experts indicated a generally positive reception, 

with 66.7% rating it “Very Relevant” for modern digital learning settings, consistent with the personalized learning 

trends (Figure 5). The system’s ability to adapt to online as well as physical settings was well-supported by most of 

the participants, 23.8% suggested further adaptations, and 9.5% had a neutral opinion.  Therefore, this reflects the 

need for greater applicability in varied teaching environments.  

The responses provided by the respondents suggest that the adaptivity of the system and its conformity to the 

learning goals were positively perceived. The system was found to show meaningful adaptivity based on student 

performance, with the agreement of a significant majority (85.7%) (refer to Figure 7). Additionally, 64.3% strongly 

agreed and 28.6% agreed that the questions generated were in line with the anticipated learning outcomes, which 

is a positive indication that the system not only personalizes content but also ensures the relevance of the content 

to the academic setting (refer to Figure 8). 

The system was especially good in personalization – 85.7% of experts commented on its meaningful adaptivity in 

accordance with the student performance (Figure 6), and 69.5% appreciated its adaptivity for delivering 

individualized learning experiences (Figure 10). In addition, all experts answered that personalized feedback and 

quizzes highly increased student engagement (Figure 9), emphasizing the system’s effectiveness in developing 

students’ motivation and involvement. 

Comparative analysis of five questions (Figure 11) revealed the Adaptive Learning System to be superior to 

ChatGPT on depth and completeness, especially for technical and structured responses, while ChatGPT was more 

outstanding on accessibility and informal clarity. 

Overall, the system demonstrates high potential in personalized education, with high scores for adaptivity and 

engagement. Nonetheless, its effectiveness and scalability in an educational context are fully realized through the 

implementation of refinements to content accuracy on complex topics, challenges to quizzes, and usability of the 

interface. 

Figure 7 

Questions Alignment with ILO 

Figure 8 

Adaptivity Based on Student Performance 

Figure 9  

Learning Experience Based on Student Progress 

Figure 10  

System Improvement Through Feedback and Quizzes 
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Discussion 

The adaptive learning system, with help from RAG and LLMs, maximizes student and educational achievement by 

personalizing learning. Its performance-based customization of quizzes and tutorials allows the system’s content 

to be tailored to each learner’s needs, ensuring it never becomes too easy or excessively challenging. This 

adaptability fosters higher student commitment and enhances their knowledge of the subjects involved, resulting 

in higher long-term success rates as the dynamic learning sequences of the system are tailored to meet the varied 

needs of learners. 

The effectiveness of the system is very substantial owing to the combination of the RAG and LLMs, specifically 

GPT-4 -4 which allows high-quality content generation through the retrieval and creation of relevant educational 

material. The challenge, though, remains as GPT-4 and RAG computationally require high resources and power. 

Thus, it is not scalable for larger student populations or real-time practices. This resource-intensive nature is 

practically difficult to implement in large groups of students or in real-time classroom environments and may limit 

access to institutions with minimal infrastructure. Additionally, although the system produces relatively 

appropriate content, complex subjects necessitate additional refinement to ensure precision and 

comprehensiveness, implying a further need to continue improving the accuracy of models and the performance 

of the system to accommodate increasing user bases. In the absence of this refinement, there is the possibility of 

misinformation or superficial learning, particularly in subjects that need accurate conceptual knowledge. These 

constraints underscore the necessity of further optimizing models and resource-efficient implementation plans to 

provide equitable and reliable access to a variety of learning scenarios. 

Conclusion 

This research reveals that an adaptive learning system based on RAG and LLMs – such as GPT-4 – has vast potential 

in promoting personalized and context-specific education, as it can customize learning sequences and enhance 

student involvement. Expert responses from 42 educators support its potential, aligning with the OECD Learning 

Compass 2030, by facilitating student agency, co-agency, and transformative competencies through dynamic, 

Figure 11  

 Responses to the Survey 2 
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interactive learning experiences. However, to have a large scale, the system should deal with issues of scalability, 

increase the accuracy of content, especially for complex matters, and develop a more user-friendly interface. The 

future development, including pilot studies, integration of students’ feedback, and expansion of multimodal 

resources, will be crucial for refining the system to make it effective in addressing various educational needs. 
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