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Abstract: Personalized e-learning systems aim to adapt learning content according to learner behavior and knowledge progression. This
work proposes an enhanced adaptive learning framework integrating Deep Reinforcement Learning and Knowledge Tracing for intelligent
learning path generation. Learner interactions including quiz performance, activity duration, and engagement behavior are analyzed
continuously. The Knowledge Tracing model estimates learner mastery while the Deep Q-Network determines optimal learning actions.
Experimental simulation using 5000 learners and 500 modules demonstrates improved cumulative reward, learner retention, and course
completion compared with traditional systems.
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I. INTRODUCTION

Online learning environments have rapidly expanded due to the availability of digital educational platforms and remote
learning technologies. However, learners exhibit significant differences in learning pace, prior knowledge [1], engagement level,
and understanding capability. A fixed learning strategy cannot effectively address these individual variations [2], leading to reduced
motivation and incomplete concept mastery.

Learners often struggle to identify appropriate learning sequences that match their current knowledge state, leading to

reduced motivation and incomplete concept mastery [3], [4]. Conventional e-learning systems typically employ static learning
paths or predefined adaptation rules, which fail to accommodate continuous changes in learner behavior and learning progress.
Intelligent recommendation techniques have been explored in e-learning environments.
Recommender systems based on collaborative filtering and content-based methods have been applied to suggest learning materials.
These approaches are limited in handling sequential learning behavior and dynamic learner preferences [5], [6]. Sequential
recommendation models attempt to capture temporal learning patterns but often lack the ability to adapt learning strategies based
on long-term learner outcomes [7].

Existing recommendation approaches such as collaborative filtering and content-based methods provide personalized

suggestions but often fail to capture long-term learning behavior and sequential knowledge progression. Knowledge Tracing
techniques estimate learner mastery levels, but they do not directly optimize instructional decision making. Similarly, reinforcement
learning provides adaptive decision-making capability but lacks explicit learner knowledge estimation.
An enhanced personalized e-learning system that combines DRL with KT to generate adaptive learning paths based on learner
knowledge states and interaction behavior. By continuously monitoring learner activities and optimizing instructional decisions
through reward-driven learning, the proposed framework aims to improve personalization, learner engagement, and learning
efficiency in e-learning environments.

Reinforcement Learning (RL) has been identified as a promising approach for addressing adaptive decision-making
challenges in educational environments. By formulating the learning process as a sequential decision problem, RL enables
instructional strategies to be optimized based on cumulative learning rewards rather than isolated performance measures [10], [11].
In e-learning systems, RL agents can learn to recommend appropriate learning activities by considering both immediate learner
responses and long-term learning objectives. Reinforcement Learning (RL) provides a mathematical formulation for simulating
decision-making scenarios in dynamic environments.
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FIGURE 1 : Deep Reinforcement Learning And Knowledge Tracing
I1.LITERATURE REVIEW

A. Personalized Learning Recommendations

Personalized learning recommendation systems aim to provide learning resources according to learner characteristics,
interests, and performance history. These systems reduce information overload by filtering educational materials based on
individual requirements. Several approaches such as collaborative filtering, content-based recommendation, and hybrid techniques
have been applied in e-learning environments. Although these methods improve recommendation quality, they often fail to capture
temporal learning behavior and changes in learner knowledge progression.

B. Sequential Learning and Recommendation Models

Learning activities occur in a sequential manner where students gradually acquire knowledge through repeated interactions.
Sequential recommendation models analyze previous learning activities to predict future learning requirements. Recurrent Neural
Networks and sequence-based methods have been widely applied for modeling learner interactions. However, traditional methods
generally focus on short-term behavior and may not effectively optimize long-term educational outcomes.

C. Knowledge Tracing in E-Learning

Knowledge tracing techniques estimate learner mastery levels by analyzing historical learning interactions and assessment
performance. Deep Knowledge Tracing models based on recurrent neural networks provide better representation of knowledge
evolution over time. These models support adaptive learning environments by identifying learner strengths and weaknesses.
However, Knowledge Tracing alone does not provide optimal instructional decision-making capability.

D. Research Gap

Existing studies mainly focus on either knowledge estimation or recommendation generation independently. Few
approaches integrate learner knowledge modeling with long-term adaptive decision-making strategies. Therefore, the proposed
framework combines Deep Reinforcement Learning with Knowledge Tracing to provide more accurate and dynamic learning path
recommendations.

111.PROPOSED METHOD
This section explains the proposed personalized e-learning framework designed using Reinforcement Learning (RL) and
Markov Decision Process (MDP) concepts. The method models the learning process as a sequence of decision making steps, where
an intelligent agent continuously observes learner behavior, selects appropriate learning actions, and updates its policy based on
feedback.

A) Role of Knowledge Tracing (KT)

Knowledge Tracing is used to model the learner’s evolving mastery of concepts. Instead of assuming that all learners
progress in the same way, KT continuously estimates the probability that a learner has understood each concept. Each learner
interaction (quiz attempt, assignment submission, and video completion) is recorded.

A Deep Knowledge Tracing (DKT) model, based on Recurrent Neural Networks (RNN/LSTM), processes this sequence
of interactions. The model outputs a knowledge state vector, representing the learner’s mastery level across different topics. This
knowledge state becomes a dynamic learner profile, which is updated after every learning activity. Knowledge Tracing (KT) plays
a central role in the proposed personalized e-learning framework by continuously estimating a learner’s evolving knowledge state.

In an online learning environment, students interact with various learning resources such as videos, quizzes, assignments,
and practice exercises. These interactions generate valuable behavioral and performance data, which can be leveraged to understand
how well a learner has mastered different concepts over time.

B) Role of Deep Reinforcement Learning (DRL)

Deep Reinforcement Learning (DRL) forms the decision-making backbone of the proposed personalized e-learning system.
While Knowledge Tracing (KT) models the learner’s knowledge state, DRL uses this information to determine the optimal next
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learning action that maximizes long-term learning gains. Traditional reinforcement learning struggles when the state space becomes
large and complex, which is common in e-learning environments.

where each learner has unique behaviors, performance trends, engagement patterns, and learning speeds. To address this,
the proposed system integrates Deep Q-Networks (DQN) that use neural networks to approximate the action-value function. In this
framework, the learner is treated as the environment, and the DRL agent continuously interacts with it by recommending learning
resources such as videos, quizzes, exercises, or revision modules.

The KT model takes as input a sequence of learner interactions: (q1,r1),(q2,r2),...,(qt,rt)(q_1,r_1),(q 2,1 2),
\dots, (g_t, r_t)(ql,r1),(g2,r2),...,(qt,rt)

where
gtg_tgt = question or learning activity at time t
rtr_trt = learner response (correct/incorrect or score) Based on this sequence, the KT model predicts:

P(Kt+1)P(K_{t+1})P(Kt+1)

which represents the probability that the learner will correctly answer the next question related to a specific concept. In the
proposed architecture, KT does not work independently. Instead, it acts as a learner state estimator output of the KT model — the
learner’s concept mastery vector — becomes part of the state representation used by the RL agent:

St=[Kt,Et,Bt]S_t = [K_t, E_t, B_t]St=[Kt,Et,Bt]

where

KtK_tKt = knowledge mastery levels from KT

EtE_tEt = engagement features (time spent, activity frequency)

BtB_tBt = behavioral indicators (dropout risk, inactivity, etc.)

DRL Formulation for Personalized Learning

The learning recommendation problem is modeled as a Markov Decision Process (MDP) defined by:

State(S):

A state represents the current learning condition of a student at a specific time. It captures all relevant information needed
for decision-making, such as the learner’s knowledge mastery level (from Knowledge Tracing), recent quiz performance, and time
spent on lessons, engagement level, and learning pace and even behavioral

The reinforcement learning agent uses this state information to understand where the learner currently stands in the learning
process before deciding what to recommend next.

Action (A):

An action refers to the instructional decision taken by the system in response to the learner’s current state. These actions
correspond to personalized recommendations that guide the learner’s next step. Examples include recommending an easier concept
for revision, suggesting an advanced topic, assigning a practice quiz, providing additional learning materials (videos, notes,
examples), initiating a revision session, or even suggesting a short break when fatigue is detected. The goal of selecting an action
is to move the learner toward better understanding, higher engagement, and steady academic progress.

Reward(R):

A reward is the feedback signal that tells the system whether the chosen action helped the learner or not. After the system
recommends a learning activity, the learner’s response—such as quiz score improvement, faster completion, higher engagement,
or mastery gain—is translated into a numerical reward. Positive rewards are given when the learner shows improvement or
engagement (e.g., higher test score, concept mastery, continued study), while negative rewards occur when the learner struggles,
skips content, shows low engagement, or drops out. The reinforcement learning model uses these rewards to learn which teaching
strategies work best for different types of learners over time.

Policy (r):
Strategy learned by the DRL agent to select the best action for each learner state.

C) Deep Q-Network (DQN) for Learning Path Optimization

The learner state space in personalized e-learning environments is highly complex because students differ in knowledge
levels, learning pace, engagement patterns, and behavioral characteristics. Traditional reinforcement learning approaches become
inefficient when the state and action spaces increase significantly. To overcome this limitation, the proposed system employs a
Deep Q-Network (DQN).

In the proposed framework, the DQN model receives the learner state generated using Knowledge Tracing and behavioral
features as input. Based on the current learner condition, the network predicts Q-values for all possible instructional actions and
selects the action with the highest expected future reward. This process enables the system to identify suitable learning activities
that maximize long-term educational outcomes.

The learner state consists of knowledge mastery information, engagement indicators, and behavioral features represented
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as:
St=[Kt,Et,Bt]
where:
KtK_tKt = knowledge mastery level estimated using Knowledge Tracing
EtE_tEt = learner engagement features
BtB_tBt = learner behavioral indicators
The Deep Q-Network estimates the Q-function as:
Q(s,3;0)~Q+(s,a)
where:
sss = learner state
aaa = selected learning action
O\theta® = neural network parameters
The Q-value update process is performed using:
Q(st,at)«—Q(st,at)+a[rt+ymaxQ(st+1,a")—Q(st,at)]
where:
a\alphaa = learning rate
v\gammay = discount factor
rtr_trt = reward obtained after action execution
st+1s_{t+1}st+1 = next learner state
The DQN maodel continuously interacts with the learning environment. After each recommendation, the learner’s response
is observed, the knowledge state is updated using the KT module, and a reward is calculated. The DRL agent selects one of the
following actions:
A={al,a2,a3,a4,a5}A=\{a 1,a 2,a 3,a 4, a 5\}A={al,a2,a3,a4,a5}

Action Meaning
a Recommend next lecture
a Provide quiz
as Assign practice task
as Suggest revision
as Send engagement

Table 1 - Action Space of the Proposed Reinforcement Learning Model
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D) Knowledge Tracing Module

The Knowledge Tracing (KT) module is responsible for modeling and continuously updating the learner’s knowledge state
over time. In an adaptive e-learning environment, students interact with multiple learning resources such as videos, quizzes,
assignments, and reading materials. These interactions provide valuable signals about the learner’s understanding level, strengths,
weaknesses, learning process.

The KT module uses sequential learner interaction data to estimate the probability that a learner has mastered a specific
concept at a given time step. Each student’s learning journey is represented as a time-ordered sequence of activities and performance
outcomes. Based on this sequence, the system predicts future performance and identifies knowledge gaps. In the proposed system.

Deep Knowledge Tracing (DKT) is employed using a Recurrent Neural Network (RNN) or Long Short-Term Memory (LSTM)
model. The model takes learner interactions as input.

DRL Module
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Figure 3 Learning State Transition Model

F. Reward Function Design for Personalized Learning

The reward function plays a critical role in the proposed reinforcement learning framework, as it guides the agent in
selecting optimal pedagogical actions that maximize long-term student success. In the Personalized E-Learning System, the reward
mechanism is carefully designed to encourage academic progress while discouraging disengagement and dropout behavior.

1) Purpose of the Reward Function

The reward function is a fundamental component of the proposed reinforcement learning framework, as it directs the
learning agent toward pedagogical decisions that improve student outcomes. Its primary purpose is to translate educational
objectives—such as engagement, knowledge retention, and course completion—into measurable feedback signals that guide policy
learning. By assigning positive rewards to desirable learner behaviors (e.g., completing lessons, passing quizzes, and progressing
toward exams) and negative rewards to undesirable behaviors (e.g., prolonged inactivity or dropout), the system encourages actions
that maximize long-term academic success. This structured feedback mechanism enables the agent to balance immediate learning
gains with future performance, ensuring that the recommended learning path remains both adaptive and goal-oriented.

The immediate reward represents the direct feedback provided to the reinforcement learning agent after each learner
interaction.

At every time step, the agent observes the learner’s current state, selects an instructional action, and receives a scalar reward
based on the resulting outcome. This reward quantifies short-term learning progress, such as completing a lecture, passing a quiz,
or submitting an assignment. By incorporating both positive rewards for academic achievements and negative rewards for
disengagement or failed attempts, the system ensures that each action is evaluated in terms of its educational effectiveness. This
immediate feedback serves as the foundational signal that drives the learning process of the agent.

2) Long-Term Reward Optimization

While immediate rewards capture short-term progress, the overall objective of the reinforcement learning model is to
maximize long-term educational success. This is achieved through the optimization of the cumulative discounted reward, which
considers future learning benefits in addition to present outcomes. The discount factor controls the importance assigned to future
rewards, encouraging the agent to prioritize sustained academic improvement rather than temporary achievements. As a result, the
system learns policies that guide learners through a sequence of beneficial activities leading toward course completion, rather than
focusing solely on isolated successes.
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3) Reward Shaping for Engagement

To maintain learner motivation and prevent disengagement, reward shaping techniques are incorporated into the proposed
system. In addition to major milestone rewards, smaller intermediate rewards are provided for consistent participation, gradual
improvements. This refined reward structure helps the agent detect early signs of learning difficulty and adjust recommendations
accordingly, ensuring that the learning path remains supportive and adaptive to individual student needs.

FIGURE 3. State Transition Diagram of the Proposed MDP-Based Personalized Learning System

The Markov Decision Process (MDP) state diagram used in the proposed personalized e-learning framework. Each node
represents a learner state such as Lecture, Quiz, Assignment, Exam, Revision, Idle, Completion, and Dropout. Directed edges
indicate possible transitions between learning activities, with associated probabilities that reflect learner behavior dynamics. The
diagram highlights how the reinforcement learning agent guides students from initial learning states toward successful course
completion while minimizing transitions to idle or dropout states.

The reward mechanism played a significant role in guiding the learning process. Positive rewards were assigned when
learners improved their mastery level, completed learning tasks, or progressed toward course completion, while penalties were
applied for inactivity, repeated failure without revision, or dropout behavior. The cumulative reward increased steadily over
training episodes, indicating that the DRL agent was learning an effective policy.

IV.EMPIRICAL SIMULATIONS AND EVALUATIONS
The proposed enhanced personalized e-learning system was implemented using Python and evaluated in a simulated intelligent
tutoring environment. The system integrates Deep Reinforcement Learning (DRL) for adaptive decision-making and Knowledge
Tracing (KT) for modeling student knowledge levels over time. The goal of the evaluation is to analyze how effectively the
combined DRL-KT framework improves learning outcomes, engagement, and course completion rates.

The proposed Enhanced Personalized E-Learning System using Deep Reinforcement Learning and Knowledge Tracing
was implemented in Python and evaluated within a simulated intelligent learning environment. The objective of the experimental
study was to analyze how effectively the integrated DRL and Knowledge Tracing (KT) framework personalizes learning paths,
improves knowledge mastery, and enhances learner engagement and course completion rates.

Current State Next State Description Transition Probability
Watching Lecture Taking Quiz Student finishes video and attempts Quiz 0.7
Watching Lecture Idle Student stops activity 0.2
Watching Lecture Rewatch Lecture Student replays video for clarity 0.1

Taking Quiz Assignment Passes quiz and moves to assignment 0.6

Taking Quiz Rewatch Lecture Fails quiz and revisits content 0.3

Taking Quiz Idle Leaves without completing 0.1

Assignment Exam Completes assignment successfully 0.65

Assignment Watching Lecture Revisits lecture for help 0.25

Assignment Idle Stops learning 0.1

Exam Course Completion Passes final exam 0.8
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Exam Watching Lecture Fails and reviews content 0.2
ldle Watching Lecture Returns to learning 0.5
Quit Course Drops out 0.5

Idle

TABLE 2 — Data Set For Simulation Models

The simulation models a dynamic online learning scenario in which students interact with various instructional activities
such as lectures, quizzes, assignments, revisions, and examinations.

A virtual environment consisting of approximately 5,000 simulated learners and 500 learning modules was generated to
evaluate the system. Each learner was initialized with different knowledge levels, engagement patterns, and learning behaviors to
mimic real-world diversity.

The Knowledge Tracing module continuously estimated each learner’s mastery level for different concepts based on their
historical performance. These mastery probabilities, along with behavioral indicators such as time spent, number of attempts, and
activity type, formed the state representation used by the Deep Reinforcement Learning agent. Based on this enriched state
information, the DRL agent selected the most appropriate instructional action at each step, such as recommending revision content,
assigning a quiz, or advancing the learner to a higher-level topic.

Simulation results demonstrate that the proposed system successfully learns adaptive instructional policies. For learners
with high knowledge mastery, the system recommends progressive activities leading toward assessments and course completion.
In contrast, when the Knowledge Tracing module detects low mastery or repeated failures, the agent adjusts the learning path by
introducing revision sessions or additional practice tasks. This dynamic adjustment shows the advantage of combining DRL with
KT, as the system adapts not only to observable learner behavior but also to inferred cognitive states.

The cumulative reward increased steadily over training episodes, indicating that the DRL agent was learning an effective
policy. Convergence of Q-values was observed after several hundred iterations, showing stable and consistent decision-making
performance. Performance evaluation was carried out using metrics such as,

average cumulative reward, knowledge mastery improvement rate, course completion rate, and learner retention rate. The
results indicate that the proposed DRL-KT system outperforms a traditional non-adaptive e-learning approach. Learners guided
by the proposed system demonstrated higher knowledge gains, more consistent engagement, and lower dropout probabilities. These
findings confirm that integrating Knowledge Tracing with Deep Reinforcement Learning enhances personalization and supports
more effective and adaptive learning experiences.

A. Simulation Environment

A virtual learning environment consisting of 5,000 simulated learners and 500 learning modules was created. Each learner
was initialized with different knowledge levels and learning behaviors. The Knowledge Tracing module continuously estimated
the probability of mastery for each concept based on student performance history.

Using this information, the agent selected the most suitable instructional action such as recommending revision, providing
a quiz, or moving to advanced content.

B. Integration of DRL and Knowledge Tracing

The Knowledge Tracing component enhances the state representation used by the DRL agent. Instead of relying only on
observable actions, the agent also considers hidden knowledge states estimated by KT:

This enriched state representation allows the DRL model to personalize recommendations based on both behavioral patterns
and cognitive mastery, leading to more precise interventions.

Results indicate that the proposed adaptive framework achieves improved learner performance compared with traditional
non-personalized learning approaches. The integration of Knowledge Tracing with Deep Reinforcement Learning enables more
accurate learner modeling and supports efficient learning path optimization.

Reward Convergence Analysis
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Figure 3 - Performance analysis of DRL-KT model
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This figure highlights the overall growth in cumulative rewards as the number of training episodes increases. The curve
shows accelerated improvement after the initial learning phase, reflecting better policy decisions driven by the Knowledge
Tracing—enhanced state representation.

The Deep Reinforcement Learning agent utilizes the learner state information obtained from Knowledge Tracing along
with engagement and behavioral indicators to determine optimal instructional actions. Depending on learner progress, the system
may recommend revision activities, additional practice exercises, quizzes, or advanced learning materials. This adaptive
mechanism enables personalized learning path generation according to individual learner requirements.

The reward mechanism plays a critical role in optimizing learning behavior. Positive rewards are assigned for desirable
outcomes such as successful quiz completion, improved mastery levels, and course progression. Negative rewards are assigned for
inactivity, repeated failures, or dropout behavior. The cumulative reward function allows the learning agent to identify instructional
strategies that maximize long-term educational performance.

The reward mechanism plays a critical role in optimizing learning behavior. Positive rewards are assigned for desirable
outcomes such as successful quiz completion, improved mastery levels, and course progression. Negative rewards are assigned for
inactivity, repeated failures, or dropout behavior. The cumulative reward function allows the learning agent to identify instructional
strategies that maximize long-term educational performance.

Experimental observations indicate that the proposed DRL—KT framework gradually learns effective learning policies
through repeated interaction with the environment. The cumulative reward values increase steadily during training episodes,
demonstrating stable convergence behavior. The system successfully adapts learning recommendations according to learner
knowledge states and behavioral patterns.

To further analyze the effectiveness of the proposed framework, learner performance trends were observed throughout
multiple training episodes.

Acronym Full Form
DRL Deep Reinforcement Learning
KT Knowledge Tracing
DRL-KT Deep Reinforcement Learning with Knowledge Tracing
RL Reinforcement Learning
MDP Markov Decision Process
DQON Deep Q-Network
Q-Table Quality Table
Q-Value Action-Value
g-greedy Epsilon-Greedy Policy
Y Discount Factor
a Learning Rate
SPR Sequential Path Recommendation
NAM Non-Adaptive Model
LMS Learning Management System

Table 3 - List of Acronyms

V.CONCLUSION AND FUTURE RESEARCH DIRECTION

This paper presented an Enhanced Personalized E-Learning System that integrates Deep Reinforcement Learning (DRL)
with Knowledge Tracing (KT) to provide adaptive and intelligent learning path recommendations. By modeling the learning
process as a Markov Decision Process and incorporating learner mastery estimates into the state representation, the proposed
framework dynamically adjusts instructional strategies based on both behavioral interactions and cognitive progress. The Deep Q-
Network enables the system to learn optimal pedagogical actions that maximize long-term educational outcomes, while the
Knowledge Tracing module ensures that decisions are aligned with the learner’s conceptual understanding.

Empirical simulations demonstrated that the proposed DRL-KT model effectively improves learning personalization,
increases learner engagement, and enhances course completion rates. The results showed steady growth in cumulative rewards and
success rates across training episodes, confirming policy convergence and stable learning behavior. Compared to non-adaptive
approaches, the proposed system provides more meaningful and knowledge-aware recommendations, reducing dropout probability
and supporting sustained learner progression.
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