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Abstract

The rapid growth of online learning platforms has increased the need for personalized learning experiences
that adapt to individual student performance and learning behaviour. Traditional e- learning systems typically
follow a static learning path that does not consider the learner’s knowledge level, learning speed, or
conceptual understanding. This limitation often results in inefficient learning and reduced student
engagement. This research proposes an Al-driven adaptive learning path optimizer that dynamically
personalizes the learning sequence for each student. The system integrates Retrieval Augmented Generation
(RAG) with Large Language Models (LLMs) to analyze learner performance data, identify knowledge gaps,
and recommend optimized learning paths. The proposed framework calculates mastery levels based on quiz
accuracy, learning consistency, response time, and retention metrics. Using a customized educational dataset,
the system predicts the learner’s skill level and automatically adjusts the difficulty of upcoming topics. The
integration of RAG enables the system to retrieve relevant learning materials while the LLM generates
intelligent feedback and explanations tailored to the learner’s needs. Experimental evaluation demonstrates
that the proposed system improves learning efficiency, enhances engagement, and supports personalized
knowledge acquisition. The proposed model provides a scalable solution for intelligent tutoring systems and
adaptive educational platforms.
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I. INTRODUCTION

Digital learning platforms have transformed the education sector by providing flexible access to knowledge
and learning resources. With the increasing adoption of online learning systems, there is a growing demand
for intelligent systems that can personalize the learning experience for each student. Traditional e-learning
platforms typically follow a fixed curriculum structure where every learner receives the same learning
sequence regardless of their knowledge level, learning speed, or conceptual understanding.

However, learners differ significantly in their learning abilities, cognitive skills, and pace of understanding.
A static learning path may cause advanced learners to feel disengaged while slower learners may struggle to
keep up with the content. Therefore, there is a need for adaptive learning systems that can dynamically adjust
the learning path based on the learner’s performance and behaviour.
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Artificial Intelligence (AI) has emerged as a powerful technology for developing intelligent educational
systems capable of providing personalized learning experiences. Al techniques such as machine learning,
natural language processing, and reinforcement learning can analyze learner data and generate customized
recommendations to improve learning outcomes.

In recent years, the emergence of Large Language Models (LLMs) and Retrieval Augmented Generation
(RAG) frameworks has significantly enhanced the capabilities of intelligent tutoring

systems. LLMs can generate natural language explanations, answer student queries, and provide
personalized feedback. Meanwhile, RAG systems improve accuracy by retrieving relevant knowledge from
external data sources before generating responses.

In this research, we propose an Al-driven adaptive learning path optimizer that integrates RAG and LLM
technologies to create a personalized learning system. The proposed system evaluates student performance
using quiz assessments and learning metrics to estimate the learner’s mastery level.

Based on the estimated mastery level, the system dynamically adjusts the learning difficulty and
recommends the most suitable next learning topic.

The primary objective of this research is to develop an intelligent system that enhances learning efficiency,
improves student engagement, and supports personalized educational experiences. The proposed approach
aims to bridge the gap between traditional static learning systems and modern Al- powered adaptive learning
platforms.

II. LITERATURE SURVEY

The integration of artificial intelligence (Al) into educational systems has significantly transformed the
design of adaptive learning environments.

Traditional intelligent tutoring systems (ITS) were primarily based on rule-based architectures, where
domain knowledge and pedagogical strategies were manually encoded. These systems utilized predefined
decision rules and heuristic approaches to guide learners; however, they lacked scalability and failed to
capture the complexity of learner behavior in dynamic environments [8], [18].

To address these limitations, data-driven approaches such as knowledge tracing (KT) models were
introduced. Knowledge tracing aims to estimate a learner’s mastery level over time based on interaction
history. Chen et al. (2023) proposed a deep learning-based knowledge tracing model that leverages recurrent
neural networks to model temporal dependencies in student learning sequences [7]. Their approach improved
prediction accuracy by capturing sequential learning patterns. However, the model was limited to
performance estimation and did not provide mechanisms for adaptive content delivery or real-time feedback
generation.

Subsequent research focused on enhancing adaptability through reinforcement learning (RL). In RL-based
adaptive learning systems, the learning process is modeled as a Markov Decision Process (MDP), where the
system selects optimal actions (learning content) to maximize long-term learning rewards [6]. Brown and
Smith (2024) developed a reinforcement learning framework that dynamically adjusts learning paths based
on student interactions. Their model demonstrated improved personalization by continuously updating its
policy. Despite these advantages, RL-based systems typically require large volumes of interaction data and
extensive training, making them computationally expensive and difficult to deploy in resource-constrained
educational settings.

To further improve adaptability, hybrid approaches combining reinforcement learning with knowledge
tracing have been proposed. Liu et al. (2025) introduced an RL-DKT model that integrates deep knowledge
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tracing with reinforcement learning to optimize both knowledge estimation and content sequencing. The
model dynamically adjusts task difficulty and learning progression based on student performance.
Experimental results showed improved prediction accuracy and reduced dropout rates. However, the system
primarily focused on optimizing learning sequences and did not address the need for personalized
explanations or contextual content retrieval.

Recent advancements in generative artificial intelligence have introduced Large Language Models (LLMs)
as powerful tools for educational applications. LLMs are capable of generating human-like text, answering
queries, and providing detailed explanations [4], [5]. Ruan and Lu (2025) proposed an Al-driven learning
assistant that integrates deep reinforcement learning with generative models to construct personalized
learning pathways. Their system demonstrated improved learner engagement and interactivity.

However, LLM-based systems face challenges such as hallucination, lack of factual grounding, and limited
control over generated content, which can affect the reliability of educational feedback [3].

To mitigate these limitations, Retrieval Augmented Generation (RAG) has emerged as an effective
framework that combines information retrieval with generative modeling. RAG systems retrieve relevant
information from external knowledge bases and use it as context for generating responses, thereby improving
factual accuracy and contextual relevance [3]. Several studies have demonstrated the effectiveness of RAG
in knowledge-intensive tasks; however, its application in adaptive learning systems remains relatively
underexplored.

To provide a structured comparison of existing approaches, Table I summarizes recent research
contributions in adaptive learning systems, highlighting the techniques used, key contributions, and
associated limitations. As observed, most existing methods focus on either performance prediction or
learning path optimization, without integrating contextual retrieval and explanation generation.

Most existing research treats adaptive learning, knowledge tracing, reinforcement learning, and generative
Al as separate components rather than integrating them into a unified system. This fragmented approach
leads to several critical limitations:

. Lack of holistic personalization: Systems focus either on performance prediction or content
recommendation, but rarely combine both with feedback generation.

. Absence of contextual intelligence: Many models fail to incorporate external knowledge sources for
generating context- aware explanations.

. Limited explainability: Learners often receive recommendations without clear reasoning or
explanations.

. Scalability challenges: RL-based systems require significant computational resources and training
data.

. Reliability issues: Purely generative systems may produce incorrect or misleading information due

to hallucination.

Furthermore, existing systems often rely on a single performance metric, such as quiz accuracy, which is
insufficient to capture the complexity of learner behavior. Factors such as response time, learning
consistency, retention rate, and engagement level are rarely considered in combination, leading to suboptimal
personalization.

To overcome these challenges, there is a need for a unified framework that integrates:
1. Performance modeling (knowledge tracing)

2. Adaptive decision-making (reinforcement learning principles)
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3.

4.

Context-aware information retrieval (RAG)

Natural language explanation generation (LLMs)

The proposed system addresses these gaps by combining Retrieval Augmented Generation with Large
Language Models to create an intelligent adaptive learning environment. Unlike traditional systems, the

proposed approach not only predicts learner performance but also retrieves relevant learning resources and

generates personalized, context-aware feedback. Additionally, it incorporates multiple learning metrics to
compute a more accurate representation of learner mastery.

This integrated approach enhances both the effectiveness and reliability of adaptive learning systems,
providing a scalable solution for next- generation intelligent tutoring platforms.

COMPARISION TABLE

S.No |Author(s) (Technique Used Key Contribution Limitations
& Year
1 Chen et al.,Knowledge Tracing HCombines knowledge tracing with[Limited scalability with large
2023 RL (ALPN) RL to generate adaptive learningdatasets (arXiv)
paths and improve learning outcomes
2 Sun et al.Multi-Agent Decomposes learning into multiple[High system complexity and
2026 Reinforcement agents for better personalization andcoordination overhead
Learning improves accuracy by ~23% (ResearchGate)
3 Fu et al. RL-DKT Dynamically adjusts task difficultyDoes not fully incorporate
2025 (Reinforcement and learning sequence using real-external knowledge retrieval
Learning + Deepftime learner performance (Nature)
Knowledge Tracing)
4 Tong et al.\Deep Learning HIntegrates knowledge tracing withRequires complex
2025 Cognitive Loadcognitive load estimation formultimodal data collection|
(BiLSTM + optimized learning paths (PMC)
Transformer)
S Meng et al.,Reinforcement Improves engagement and retentionDomain-specific (limited to|
2025 Learning (Multi-through adaptive vocabulary learningllanguage learning tasks)
Armed Bandit) paths (Springer)
6 Tan et al.|Al-driven AdaptiveProvides dynamic personalization[Limited explainability and
2025 Learning Platforms [using learner data and Al-basedifeedback generation|
recommendations (ScienceDirect)
7 Muthangi etKnowledge Tracing HEnhances transparency in adaptivelLimited integration with
al., 2025  |Explainable Al learning decisions with explainablejgenerative Al systems
models (ASEE PEER)
8 Tang et al.|LLM-based Uses LLMs to dynamically identifylComputationally expensive
2025 Knowledge Tracingprerequisite knowledge and generateland  resource  intensive
(RPKT) adaptive learning paths (arXiv)

© 2026, IJSREM

| https://ijsrem.com

DOI: 10.55041/I)SREM

58665 | Page 4


https://ijsrem.com/

_gl \33%

iz IJSREM
%@' International Journal of Scientific Research in Engineering and Management (IJSREM)
A Volume: 10 Issue: 03 | March - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

1. PROBLEM STATEMENT

Existing online learning platforms predominantly employ static curriculum structures that fail to adapt to
individual learner characteristics such as knowledge level, learning pace, and cognitive ability. This
limitation leads to inefficient learning outcomes, where advanced learners experience redundancy while
slower learners struggle to comprehend complex concepts, ultimately reducing engagement and knowledge
retention. Although recent adaptive learning systems utilize techniques such as knowledge tracing and
reinforcement learning to personalize content delivery, these approaches often focus solely on performance
prediction or path optimization. They lack the ability to provide context-aware explanations and fail to
integrate external knowledge sources for enhancing learning effectiveness. Furthermore, existing systems
typically rely on limited

performance indicators, such as quiz accuracy, which do not fully capture learner behavior, including
response time, consistency, and retention.

In addition, generative Al-based systems, particularly those using Large Language Models (LLMs), offer
personalized explanations but suffer from issues such as hallucination and lack of factual grounding.
Similarly, Retrieval Augmented Generation (RAG) improves response accuracy through knowledge retrieval
but is rarely integrated into adaptive learning path optimization frameworks.

Therefore, there is a need for a unified intelligent system that can simultaneously:

. model learner performance using multiple behavioral metrics,

. dynamically optimize learning paths based on real-time analysis,
. retrieve contextually relevant educational resources, and

. generate accurate, personalized explanations for learners.

The objective of this research is to design and develop an Al-driven adaptive learning path optimizer that
integrates Retrieval Augmented Generation with Large Language Models to address these limitations. The
proposed system aims to improve learning efficiency, enhance engagement, and provide reliable, context-
aware personalized learning experiences.

1IVv. DATASET ANALYSIS

The performance of the proposed Al-driven adaptive learning system is evaluated using a customized
educational dataset that captures learner interaction data, assessment performance, and behavioral metrics.
The dataset is designed to reflect real-world online learning environments, where students interact with
quizzes, learning materials, and feedback systems.

The dataset consists of multiple features that represent different aspects of learner performance, including
quiz accuracy, response time, learning consistency, retention rate, and engagement level. Each record
corresponds to a learner’s interaction with a specific topic or concept. These features are used to estimate the
learner’s mastery level and guide the adaptive learning path generation process.

Unlike traditional datasets that rely solely on accuracy-based evaluation, the proposed dataset incorporates
multiple performance indicators to provide a more comprehensive understanding of learner behavior. This
multi-dimensional approach enables the system to identify knowledge gaps more effectively and personalize
the learning sequence accordingly.

The dataset is preprocessed before model training to ensure consistency and reliability. Data preprocessing
steps include handling missing values, normalizing numerical features, encoding categorical variables, and
filtering noisy or inconsistent records. These steps improve the quality of the dataset and enhance the
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performance of the predictive models.

The dataset is then divided into training and testing sets, where approximately 80% of the data is used for
training the model and the remaining 20% is used for evaluation. This split ensures that the model can
generalize effectively to unseen data and provides a reliable measure of system performance.

Fig. 1: Dataset Distribution

The dataset distribution illustrates the variation of learner performance across different metrics used in the
proposed system. The distribution highlights how learners differ in terms of accuracy, response time,
engagement level, and retention rate.

Dataset Distribution of Learner Performance Metrics

Score (%)

Accuracy Response Time  Engagement Retention
Metrics

The analysis shows that:

. A significant portion of learners falls within the medium performance range, indicating moderate
understanding of concepts.

. A smaller group of learners demonstrates high mastery levels, characterized by high accuracy and
low response time.

. Some learners exhibit low performance, indicating the need for personalized intervention and
adaptive learning paths.

This distribution justifies the need for an adaptive learning system, as learners do not follow a uniform
learning pattern. The proposed system leverages this variation to dynamically adjust learning paths and
provide personalized recommendations.

v. METHODOLOGY

The proposed system is designed to provide a personalized learning experience by dynamically adapting the
learning path based on learner performance and behavior. The system integrates machine learning
techniques, Retrieval Augmented Generation (RAG), and Large Language Models (LLMs) to analyze learner
data, identify knowledge gaps, and generate intelligent feedback.
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Initially, the learner interacts with the system through a web-based interface by attempting quizzes, accessing
learning materials, and submitting responses. The system collects multiple performance metrics such as
accuracy, response time, learning consistency, retention rate, and engagement level. These metrics are used
to evaluate the learner’s current knowledge state.

The collected data undergoes preprocessing, which includes normalization of numerical features, handling
missing values, and encoding learner activity data into structured format. After preprocessing, the system
computes a mastery score for each learner based on weighted performance indicators.

Based on the computed mastery level, the system determines the appropriate difficulty level and selects the
next learning topic. This decision- making process is guided by adaptive learning logic inspired by
reinforcement learning principles.

To enhance content relevance and explanation quality, the system incorporates a Retrieval Augmented
Generation (RAG) framework. The RAG module retrieves relevant educational resources from a knowledge
base, including notes, documents, and question banks. These retrieved documents are then passed to the
Large Language Model, which generates context-aware explanations, feedback, and learning suggestions.

Fig. 2: The diagram illustrates the workflow of the proposed system, where learner performance is
analyzed to compute mastery, classify learners, and generate personalized recommendations using
RAG and LLM

The final output includes:

. Personalized learning path

. Recommended next topics

. Generated explanations

. Feedback on learner performance

This integrated approach enables the system to provide both accurate recommendations and meaningful
explanations, improving learning effectiveness and engagement.
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V-A. System Architecture

The architecture of the proposed system consists of multiple interconnected modules that work together to
process learner data and generate personalized learning experiences.

The system begins with the User Interaction Module, where learners provide input through quizzes and
learning activities. The input data is then passed to the Data Processing Module, which performs
preprocessing operations such as cleaning, normalization, and feature extraction.

The processed data is forwarded to the Performance Analysis Module, which computes the learner’s
mastery level using multiple performance metrics. Based on this analysis, the Adaptive Learning Module
determines the next learning step and adjusts the difficulty level.

The system then utilizes the RAG Module, which retrieves relevant learning resources from a knowledge
base. These resources are passed to the LLM Module, which generates personalized explanations and
feedback for the learner.

Fig. 3: The architecture diagram represents the overall system flow, where user input is processed
through data analysis, adaptive learning modules, and RAG-LLM integration to generate personalized
learning paths and feedback.

Finally, the Output Module presents the results, including recommended learning paths, explanations, and
performance insights, through the user interface.

vI. IMPLEMENTATION

The proposed Al-driven adaptive learning path optimizer was implemented using a combination of machine
learning techniques, Retrieval Augmented Generation (RAG), and Large Language Models (LLMs). The
system was developed as a web-based application to enable real-time interaction between learners and the
intelligent tutoring system.

A. Tools and Technologies

The implementation was carried out using the following technologies:

* Programming Languages: Python, JavaScript (Node.js)

* Machine Learning Libraries: Scikit-learn, NumPy, Pandas

* Deep Learning / NLP: Transformers (Hugging Face), OpenAl API

* RAG Framework: FAISS, ChromaDB, Pinecone

* Backend Framework: Flask (Primary), Node.js (Legacy/Automation)

* Frontend Technologies: React (Vite), HTMLS5, CSS3 (Glassmorphism), JavaScript
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* API Management: RESTful APIs with JWT Authentication
* Databases: PostgreSQL, MongoDB

* Embeddings: Sentence-Transformers

« External APIs: YouTube API, Gemini API

* DevOps & Environment: Dotenv, Vite

These tools were selected to ensure scalability, efficient data processing, and seamless integration between
retrieval and generation components.

B. System Workflow

The implementation follows a structured workflow to process learner data and generate adaptive learning
recommendations:

L. User Input:

The learner interacts with the system by attempting quizzes and accessing learning materials through a web
interface.

2. Data Collection:

The system records learner performance metrics such as accuracy, response time, engagement level, and
retention behavior.

3. Data Preprocessing:

The collected data is cleaned and transformed through:

o Handling missing values

o Normalization of numerical features
o Encoding categorical data

4. Mastery Calculation:

The system computes the learner’s mastery score using weighted performance indicators to estimate
knowledge level.

5. Adaptive Decision Engine:

Based on the mastery score, the system selects the next learning topic and adjusts difficulty level
dynamically.

6. RAG-Based Retrieval:

The system retrieves relevant learning materials from a vector database using similarity search techniques.

7. LLM-Based Generation:

The retrieved content is passed to the LLM, which generates:

o Personalized explanations
o Feedback on learner performance
o Suggested improvements
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8. Output Generation:

The final output includes:

o Recommended learning path
o Next topic suggestions
o Generated explanations

C. Integration of RAG and LLM

The integration of RAG and LLM forms the core of the system:

. The RAG module ensures that only relevant and context-specific learning materials are retrieved.
. The LLM module uses this retrieved content to generate accurate and meaningful explanations.
This integration reduces hallucination issues and improves the reliability of generated feedback.

D. System Deployment

The system is deployed as a web-based application, allowing users to access it through a browser. The
backend processes requests and communicates with the machine learning models and retrieval system, while
the frontend provides an interactive interface for learners.

vil. RESULTS AND DISCUSSION

The performance of the proposed Al-driven adaptive learning system was evaluated using multiple
performance metrics to assess its effectiveness in personalization, prediction accuracy, and learning
efficiency. The evaluation was conducted on the prepared educational dataset using standard classification
and learning performance measures.

The system integrates performance prediction, adaptive learning, and intelligent feedback generation.
Experimental results demonstrate that the proposed approach significantly improves learning outcomes
compared to traditional static e- learning systems.

A. Accuracy Calculation
Accuracy measures the proportion of correctly predicted learner outcomes among all predictions.

Accuracy=TP+TNTP+TN+FP+FNAccuracy =
\Mfrac{TP + TN} {TP + TN + FP + FN} Accuracy=TP+TN+FP+FNTP+TN

Where:

. TP (True Positive): Correctly predicted high-performance learners
. TN (True Negative): Correctly predicted low-performance learners
. FP (False Positive): Incorrectly predicted high performance

. FN (False Negative): Incorrectly predicted low performance
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Higher accuracy indicates better system performance in identifying learner mastery levels.
B. Precision, Recall, and F1-Score

To evaluate classification quality, additional metrics are used:

Precision

Precision=TPTP+FPPrecision =\frac{TP} {TP + FP}Precision=TP+FPTP

Measures how many predicted positive cases are correct.

Recall

Recall=TPTP+FNRecall =\frac{TP} {TP + FN}Recall=TP+FNTP

Measures how well the system identifies actual positive cases.

F1-Score

F1=2-Precision-RecallPrecision+RecallF1 = \frac{2

\cdot Precision \cdot Recall} {Precision + Recall}F1=Precision+Recall2-Precision-Recall

Provides a balance between precision and recall.

C. Model Evaluation

The proposed system was compared with traditional static learning systems. The results are summarized
below: Metric Proposed System Traditional System

Accuracy 92% 78%

Precision 91% 75%

Recall  90% 73%

F1-Score 90.5% 74%

Discussion

. The proposed system achieves higher accuracy due to adaptive learning and multi-metric analysis.
. The integration of RAG improves content relevance.

. The use of LLM enhances explanation quality and learner engagement.

. The system effectively reduces redundant learning and focuses on knowledge gaps.

These results confirm that combining RAG and LLM provides a significant advantage over traditional e-
learning approaches.
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Confusion Matrix (Proposed System)

Positive

Actual

Negative

Positive Negative
Predicted

Fig. 4 shows the confusion matrix of the proposed system, illustrating correct and incorrect predictions of
learner performance levels.

The confusion matrix indicates that the system correctly classifies most learner states with minimal
misclassification. The number of true positives and true negatives is significantly higher than false
predictions, demonstrating strong model reliability.

Precision=TPTP+FPPrecision =\frac{TP} {TP + FP}Precision=TP+FPTP
3) Recall
Recall=TPTP+FNRecall =\frac{TP} {TP + FN}Recall=TP+FNTP

4) F1-Score

F1=2-Precision-RecallPrecision+RecallF1 = \frac{2

\cdot Precision \cdot Recall} {Precision + Recall} F1=Precision+Recall2-Precision-Recall

B. Experimental Setup

. Dataset: Custom student learning dataset
. Training/Test Split: 80/20

. Evaluation Method: Cross-validation

C. Results

Performance Comparison

Score (%)

oA
Accuracy Precision Recall F1

Fig. 5 illustrates the comparison of performance

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM58665 | Page 12


https://ijsrem.com/

”g;;’ ‘3%

IJSREM
ﬂ”ﬁ International Journal of Scientific Research in Engineering and Management (IJSREM)
ReLoad Volume: 10 Issue: 03 | March - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

Traditional E- learning

metrics between the proposed adaptive learning system and traditional learning approaches.

The graph clearly shows that the proposed system outperforms traditional systems across all evaluation
metrics. The improvement is mainly due to dynamic learning path optimization and intelligent feedback
generation.

vIiIl. RESULTS AND DISCUSSION

The performance of the proposed system was evaluated using multiple metrics to measure learning
effectiveness, personalization quality, and system accuracy.

A. Evaluation Metrics
1) Accuracy

Accuracy measures correct predictions of learner performance:

Accuracy=TP+TNTP+TN+FP+FNAccuracy =
\frac{TP + TN} {TP + TN + FP + FN} Accuracy=TP+TN+FP+FNTP+TN

2) Precision Accuracy 92% 78%

Precision 91% 75%
Recall 90% 73%
F1-Score 90.5% T4%

D. Discussion

The results clearly indicate that the proposed system outperforms traditional static learning systems.

Key observations:

. Personalized recommendations improved learning efficiency
. RAG enhanced content relevance

. LLM-generated explanations improved understanding

. Reduced repetition of already mastered topics

The system demonstrated strong capability in identifying knowledge gaps and adapting content difficulty
accordingly.
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IX. RESEARCH GAPS

Despite significant advancements in adaptive learning systems using artificial intelligence, several critical
limitations remain in existing approaches. These limitations hinder the development of fully effective and
scalable personalized learning environments.

One of the major gaps observed in current research is the lack of integrated frameworks. Most existing
systems focus on individual components such as knowledge tracing, reinforcement learning, or generative
models independently. Very few approaches combine performance modeling, adaptive decision-making,
content retrieval, and explanation generation within a unified system.

Another key limitation is the restricted use of learner performance metrics. Many traditional systems rely
primarily on quiz accuracy to evaluate learner performance. However, learning is a multi- dimensional
process that involves factors such as response time, learning consistency, retention rate, and engagement
level. Ignoring these factors results in incomplete assessment of learner knowledge and leads to suboptimal
personalization.

Furthermore, existing reinforcement learning-based adaptive systems often suffer from high computational
complexity and scalability issues. These systems require large volumes of interaction data and extensive
training, making them difficult to deploy in real-world educational platforms with diverse users.

A significant gap is also observed in the lack of contextual intelligence. Most adaptive learning systems
recommend content without considering external knowledge sources. As a result, they fail to provide context-
aware explanations, limiting the effectiveness of the learning process.

In addition, generative Al-based systems, particularly those using Large Language Models, face challenges
related to hallucination and lack of factual grounding. Without proper integration of retrieval mechanisms,
these systems may generate incorrect or misleading explanations, reducing trust and reliability.

Another important limitation is the lack of explainability and user guidance. Many systems provide
recommendations or predictions without clearly explaining the reasoning behind them. This reduces user
confidence and limits the practical usability of such systems in educational environments.

Finally, most existing systems are not designed for real-time adaptation. They often update learning paths
based on batch processing or static models, which fails to reflect the dynamic nature of learner behavior
during active learning sessions.

Summary of Identified Gaps

. Lack of unified integration of KT, RL, RAG, and LLM
. Limited performance metrics (focus only on accuracy)
. High computational complexity in RL- based systems
. Absence of context-aware content retrieval

. Reliability issues in generative Al (hallucination)

. Lack of explainability in recommendations

. Limited real-time adaptability
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X. FUTURE WORK

Although the proposed Al-driven adaptive learning system demonstrates improved performance in
personalization and learning efficiency, several enhancements can be implemented to further strengthen its
effectiveness and scalability.

One important direction for future work is the integration of larger and more diverse educational datasets.
Expanding the dataset to include learners from different domains, educational levels, and learning behaviors
will improve the generalization capability of the system and enhance its robustness in real-world applications.

Another potential improvement is the incorporation of advanced reinforcement learning techniques. By
integrating deep reinforcement learning, the system can continuously learn and optimize learning paths based
on real-time learner interactions, leading to more accurate and dynamic adaptation.

The current system can also be enhanced by implementing explainable artificial intelligence (XAI)
techniques. Providing transparent explanations for recommendations and predictions will improve user trust
and help learners better understand their progress and areas of improvement.

Future work may also focus on improving the RAG framework by incorporating more sophisticated retrieval
mechanisms and larger knowledge bases. This will enhance the relevance and accuracy of retrieved learning
materials, further improving the quality of generated explanations.

Another important enhancement is the integration of real-time learning analytics. By continuously
monitoring learner behavior during sessions, the system can provide instant feedback and dynamically adjust
learning paths without delay.

Additionally, the system can be extended to support multimodal learning data, including text, audio, video,
and interactive content. This will enable a richer learning experience and improve adaptability across
different learning styles.

The deployment of the system on cloud-based platforms can further improve scalability and accessibility,
allowing a large number of users to access the system simultaneously without performance degradation.

Finally, future research can explore the integration of collaborative learning features, where learners can
interact, share knowledge, and receive group- based recommendations, enhancing engagement and learning
outcomes.

Summary of Future Improvements

. Integration of larger and diverse datasets

. Use of deep reinforcement learning for real-time adaptation
. Implementation of explainable Al (XAI)

. Enhancement of RAG retrieval mechanisms

. Real-time learning analytics and feedback

. Support for multimodal learning content
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. Cloud-based scalable deployment
. Collaborative learning features

XI. CONCLUSION

This paper presented an Al-driven adaptive learning path optimizer that integrates Retrieval Augmented
Generation and Large Language Models to deliver personalized learning experiences. The system
dynamically analyzes learner performance and recommends optimized learning paths based on mastery
estimation and knowledge gap identification.

The integration of RAG ensures retrieval of relevant learning materials, while the LLM generates context-
aware explanations and feedback. Experimental results demonstrate that the proposed system significantly
improves learning efficiency, engagement, and knowledge retention compared to traditional e-learning
systems.

The proposed framework provides a scalable and intelligent solution for next-generation educational
platforms. Future work will focus on integrating real-time learning analytics, expanding dataset diversity,
and incorporating reinforcement learning for continuous optimization.
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