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Intelligent personalized learning systems must continuously adapt instructional strategies based on students’
progress and engagement levels. However, designing adaptive curricula remains challenging, as traditional
supervised learning and standard reinforcement learning approaches often fail to effectively integrate mas-
tery assessment with long-term policy optimization. This study proposes a computational framework for
personalized training path optimization that integrates mastery modelling with deep reinforcement learning
to improve algorithmic efficiency, adaptive policy convergence, and long-term educational decision-making
under dynamic learner-state transitions. The optimization problem is formulated as a Markov Decision Process
and optimized using a Deep Q-Network (DQN) with experience replay and target-network stabilization to
enhance computational efficiency, policy stability, and convergence performance across varying experimental
learning conditions. (α = 0.01, γ = 0.95, batch size = 64, replay buffer = 50, 000, ε decayed from 1.0 to 0.01 over
1000 episodes). Experimental results demonstrate that the proposed framework achieves an accuracy of 91.38%
and a success rate of 89.56%, outperforming Q-Learning (78.42%) and Policy Gradient (84.67%) methods. The
model exhibits stable convergence, with episode rewards increasing from 43.97 to 89.54 and Q-loss decreas-
ing from 15.1682 to 0.2533. These results confirm that integrating probabilistic learner-state modelling with
deep reinforcement learning provides a computationally efficient and analytically robust solution for scalable
personalized education optimization.

Keywords: Personalized Learning, Deep Reinforcement Learning, Bayesian Knowledge Tracing, Deep Q-Network,

Adaptive Education
© The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are cited.

http://dx.doi.org/10.6180/jase.202611_34.010

1. Introduction

Personalized learning is a central objective in modern edu-
cational technology due to diverse learner abilities, engage-
ment patterns, and performance outcomes that traditional
curriculum frameworks often fail to address effectively [1].
Intelligent data-driven systems address these limitations
through adaptive optimization, where reinforcement learn-
ing supports sequential decision-making and BKT-based

learner modelling enables probabilistic mastery estima-
tion [2, 3]. Their integration within an MDP framework
supports personalized training path generation using en-
gagement, performance, and behavioural indicators for
improved learning outcomes [4, 5]. Existing machine learn-
ing and reinforcement learning approaches often operate
independently, limiting real-time optimization and multi-
dimensional learner-state adaptation [6, 7]. The proposed
framework utilizes the Teaching Quality and Student En-
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gagement Kaggle dataset to construct multidimensional
learner-state representations incorporating performance,
engagement, and attendance indicators [8–10]. The pro-
posed framework overcomes these limitations by tightly
integrating learner modeling and reinforcement learning
within a unified optimization architecture. The framework
establishes training path selection as a sequential decision-
making problem which operates differently from tradi-
tional supervised models to achieve maximum cumulative
learning gain. The system uses BKT-inspired aggregated
mastery estimation approach-based mastery estimation to
generate RL state representation which allows knowledge-
aware policy learning to take place. The state space com-
bines engagement level and attendance pattern and per-
formance trends to generate a multi-dimensional learner
profile. The reward function uses specific design elements
to measure performance improvement and engagement
enhancement which leads to balanced optimization objec-
tives. The system uses a Deep Q-Network agent which
combines experience replay with target network stabiliza-
tion to achieve efficient policy learning. The system enables
personalized learning through its ability to create adaptive
data-driven curriculum sequences which match the needs
of individual students. The proposed study presents in-
novative research by uniting knowledge tracing with en-
gagement modeling and deep reinforcement learning into
one optimization framework. The system conducts em-
pirical validation through real-world educational data to
show measurable progress. The framework develops intel-
ligent personalized training systems through its assessment
methods that measure cognitive mastery and behavioral
engagement. The proposed approach delivers an adaptable
learning solution which scientific research supports as a
practical solution for modern learning environments.

- Design and develop a personalized training path opti-
mization framework which uses reinforcement learn-
ing to enhance student learning results and academic
achievements and student participation.

- Utilize and analyze the Teaching Quality and Student
Engagement dataset from Kaggle to develop multidi-
mensional learner state representations which incorpo-
rate performance indicators and student engagement
metrics and attendance information.

- Implement and evaluate BKT-inspired aggregated
mastery estimation approach within the personalized
training framework to assess student mastery devel-
opment and cognitive state progression.

- Develop and optimize a DQN reinforcement learning

model which learns training policies through MDP
creation and multi-objective reward optimization.

The framework integrates. Section 1 introduces the
research motivation and objectives, Section 2 reviews re-
lated work, and Section 3 presents the proposed BKT-DQN
methodology. Section 4 describes experimental setup and
evaluation metrics, Section 5 discusses results and compar-
ative analysis, while Section 6 concludes with key findings
and future research directions.

2. Literature review

Sadaf Saleem et al. [11] conducted research on intelligent
e-learning systems which adapt to student needs by pro-
viding personalized learning pathways through digital ed-
ucation platforms. Zaharuddin et al. [12] studied educa-
tional recommendation systems which use reinforcement
learning to enhance student participation within virtual
learning platforms. Mahmoud and Sørensen [13] investi-
gated learner modeling techniques for adaptive education
using probabilistic knowledge tracing and engagement
analytics. Yang and Ogata, [14] conducted a study that
primarily focuses on adaptive learning systems aimed at a
customized educational pathway generated through sys-
tem design for feature-rich tutoring programs. Sahu et
al. [15] This study provides a comprehensive overview
of machine learning, deep learning, and reinforcement
learning techniques applied in quantitative finance, high-
lighting recent advancements. Recent state-of-the-art adap-
tive learning frameworks demonstrate significant progress
in learner modelling and policy optimization; however,
methodological divergence persists due to limited integra-
tion between probabilistic knowledge tracing and sequen-
tial reinforcement-based adaptation. Q-learning and other
early reinforcement learning methods use basic state mod-
els which do not account for essential behavioral elements
that include both engagement and attendance. The existing
frameworks need cognitive-behavioral modeling systems
which enable them to fully support students throughout
their complete academic journey. The restrictions create
problems with personalizing education because they gen-
erate insufficient learning options which decrease student
interest in their studies.

The proposed framework creates a unified knowledge-
based reinforcement learning system which develops per-
sonalized training pathways to solve these challenges. The
system combines BKT-inspired aggregated mastery estima-
tion approach mastery estimation with a Deep Q-Network
based deep reinforcement learning agent. The framework
uses MDP modeling to convert curriculum sequencing
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into a process which decides between different options
to achieve maximum total reward. The state representation
combines mastery level, engagement index, performance
trend, and attendance rate to form a comprehensive learner
profile.

3. Materials and methods

The proposed methodology establishes a complete frame-
work for personalized training path optimization through
reinforcement learning which combines learner modeling
with Markov Decision Process formulation and deep Q-
learning policy optimization.

The framework starts its initial stage Fig. 1 by gather-
ing data from the Teaching Quality and The experimental
design follows a structured computational workflow con-
sisting of data acquisition, preprocessing, learner-state con-
struction, policy optimization, and performance validation

Fig. 1. Proposed Knowledge- and Engagement-Aware
Reinforcement Learning Framework for Personalized

Training Path Optimization

The learner state knowledge component is created
through BKT output as you can see in the Eqn. (1)

P (Lt | O1:t) (1)

The Fig. 2 shows a dual-pathway system which creates
complete learner state information. The BKT-inspired ag-
gregated mastery estimation approach module of BKT ana-
lyzes student test results to calculate their learning progress
and establish their cognitive mastery levels.

The generated embedding vector functions as a funda-
mental element for creating the learner state representation.
A neural transformation function is used to gain behavior
embedding as based of the following Eqn. (2)

Et = fϕ (Bt) (2)

Linear Embedding creates lower-dimensional continu-
ous vector spaces from high-dimensional input features

Algorithm 1. -Based Cognitive Mastery Update and
Learner State Representation

Input: O = {O1, . . . , OT}, P(L0), P(T), P(G), P(S)
Output: P(Lt), St

1. Initialize:
PL ← P(L0)

2. For t = 1 to T:

• Predict:
P−L = PL + (1− PL)P(T)

• Update:

• If Ot = 1:

PL =
P−L (1− P(S))

P−L (1− P(S)) + (1− P−L )P(G)

• Else:

PL =
P−L P(S)

P−L P(S) + (1− P−L )(1− P(G))

• State:
St = [PL, Et, Pt]

3. Return PL, St

Fig. 2. Learner State Representation via Bayesian
Knowledge Tracing and Behavioral Embedding

through its use of linear transformations that include ma-
trix multiplication which maintains essential information
as you can see in the Eqn. (3)

Et = σ (WBt + b) (3)

The reinforcement learning agent uses this information
to create training plans which combine knowledge assess-
ment with student engagement patterns.

Markov Decision Process (MDP) Modeling
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The optimization question on a training path is modeled
as a Markov Decision Process defined by the tuple as you
can see in the Eqn. (4)

M = (S, A, P, R, γ) (4)

The state space S signifies the overall set of all possible
learner profiles that describe the learner’s existing knowl-
edge, engagement, and performance status as based of the
Eqns. (5-6) Its name being equivalent to the statuses during
time step t.

S = {s | s = (k, e, p)} (5)

st = (kt, et, pt) (6)

In this case, the state space can also be written in the
form of as show in the Eqn. (7)

st ∈ Rn (7)

where n is the total number of learner features.
The transition shows how educational modules impact
the development of knowledge by students. The reward
function measures the immediate improvement in learner
performance after taking an action. The Markov property
is justified by constructing each learner state as a sufficient
multidimensional representation of mastery level, engage-
ment behavior, attendance consistency, and performance
trend, ensuring future transitions depend primarily on the
current observable state The Fig. 3 depicts a reinforcement
learning system which includes an Agent that operates
within an Environment. The agent monitors the present
state st at every time step and chooses an action at accord-
ing to its policy which the neural network controller uses
to process input features.

The Q-function estimates the expected cumulative re-
ward of taking action a in state s as based of the following
Eqn. (8)

Q(s, a; θ) (8)

The equation uses θ to denote the parameters of the
neural network model.

The statement establishes a recursive function that calcu-
lates the best possible value estimation according to Eqns.
(9-10)

Q∗(s, a) = E
[

Rt + γ max
a′

Q∗
(
s′, a′

)]
(9)

yt = Rt + γ max
a′

Q
(
st+1, a′; θ−

)
(10)

Fig. 3. Agent–Environment Interaction and Policy
Network Architecture for MDP-Based Personalized

Training Optimization

Dataset Link: https://www.kaggle.com/datasets/programmer3/

teaching-quality-and-studentengagement-dataset

Unlike Deep Knowledge Tracing, which offers high rep-
resentational capacity but requires largescale sequential
training data and reduced interpretability, Bayesian Knowl-
edge Tracing provides computationally efficient probabilis-
tic mastery estimation with transparent state representation
is given in Table 1.

Convergence Speed (CS)
The DQN model establishes its stable training point
through the evaluation of its convergence speed. The learn-
ing process achieves stable results through faster conver-
gence which also helps to improve
policy development. The training process efficiency and
framework reliability both depend on this measurement as
you can see in the Eqn. (11)

|Re − Re−1| < ϵ (11)

4. Result and discussion

The developed personalized training path optimization
system was built through Python programming language
development which includes reinforcement learning and
learner modeling systems. Convergence robustness was
further evaluated across multiple independent training
runs, where variance analysis demonstrated low standard
deviation in cumulative reward progression and policy sta-
bilization behavior. The observed consistency confirms that
the proposed framework maintains reliable convergence
under varying initialization conditions.

https://www.kaggle.com/datasets/programmer3/teaching-quality-and-studentengagement-dataset
https://www.kaggle.com/datasets/programmer3/teaching-quality-and-studentengagement-dataset
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Table 1. Hyperparameter Configuration of the Proposed BKT-DQN Personalized Training Path Optimization Framework

Module Hyperparameter Value
DQN Agent Learning Rate / Discount Factor 0.0001-0.001 / 0.90-0.99

Batch Size / Replay Buffer 32-64 / 10k-50k
Epsilon (Decay) 1.0 → 0.01 (0.995)

Neural Network Hidden Layers / Units 2-3 / 64-256
Optimization Optimizer / Activation Adam / ReLU
BKT Module Learning / Guess / Slip Prob. 0.1− 0.3/0.1− 0.25/0.05− 0.2

Embedding Layer Dimension 16-64
Training Setup Episodes / Max Steps 100-500 / 50-200

Standard Deep Q-Network was selected due to its com-
putational efficiency, stable convergence behavior, and suf-
ficient representational capacity for personalized training
path optimization under moderate state-action complexity
is shown in Fig. 4.

Fig. 4. Comprehensive Reinforcement Learning
Performance Metrics

Table 2 learning rate values, 0.1 turns out to gradually
make minitone updates to the Q-values so as to avert ex-
treme undulations during policy learning. The discount
factor of 0.95 serves as the best option because it allows
assessment of both long-term rewards and current learning
progress. The system uses its parameters to create balanced
convergence which also supports personalized training
optimization during extended learning sessions.

Table 2. Optimal Reinforcement Learning
Hyperparameters for Training Path Optimization

Optimal Learning Rate 0.1
Optimal Discount Factor 0.95

The suggested DQN model demonstrates its perfor-
mance under various learning rates (α) The results demon-
strate that moderate learning rates ( α = 0.01 and α = 0.3 )
produce higher final rewards of 84.14 and 89.19 compared

to the lower learning rates of 0.01 and 0.05. The learning
rate of α = 0.01 delivers consistent results with minimal
variation yet it produces a restricted final reward outcome
is given in Fig. 5.

Fig. 5. Impact of Discount Factor (γ) on Long-Term
Reward Optimization in the Proposed DQN Model

Fig. 6. Exploration–Exploitation Trade-off in
Reinforcement Learning

The Fig. 6 demonstrates how reinforcement learning
maintains its training process through the two competing
methods of exploration and exploitation. The left side
contains a line graph that displays how epsilon decreases
throughout the episodes, because high epsilon values at
first enable players to test all available move possibilities.
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The results show that the proposed DQN-based frame-
work outperforms traditional Q-Learning and Policy Gra-
dient methods, achieving 91.38% accuracy and 89.56% suc-
cess rate, indicating superior decision-making capability is
shown in Table 3.

Experimental robustness was validated through re-
peated training runs, with performance stability confirmed
by low variance across cumulative reward progression and
convergence consistency. Mean performance values with
standard deviation demonstrate reliable policy optimiza-
tion under varying initialization conditions.

The observed performance patterns indicate that inte-
grating probabilistic learner-state estimation with deep re-
inforcement learning strengthens theoretical adaptability
in sequential educational optimization

5. Conclusion

The study presents an extensive personalized training path
optimization framework which uses BKT-inspired aggre-
gated mastery estimation approach and MDP modeling
and DQN reinforcement learning algorithm as its three-
building blocks. The BKT-inspired aggregated mastery esti-
mation approach system estimated learners’ dynamic mas-
tery probabilities through their response patterns which
allowed accurate tracking of their cognitive states. The
mastery estimates together with engagement and perfor-
mance metrics were used to create an MDP-based system
which defined learner states as multiple dimensions and
training module selection as a sequential decision-making
process. The DQN agent learned the optimal long-term pol-
icy through Bellman value updates and experience replay
to maximize cumulative rewards. The experimental results
show that the system achieves strong convergence together
with stable policy performance during 1000 test episodes.
The episode reward improved from 43.97 to 89.54, and
the cumulative reward reached 62,632.16, confirming ef-
fective long-term optimization. The Q-loss showed major
improvement when it dropped to 0.2533 from 15.1682 be-
cause the system achieved stable value function learning.
The success rate increased from 25.50% to 89.56% with an
overall accuracy of 91.38% where the system achieved an
average reward of 67.63 and the reward variance stayed
below 60.60. The findings show that BKT-driven learner
modeling together with MDP-based sequential formulation
and DQN-based deep
reinforcement learning have a major impact on adaptive
curriculum optimization and learner engagement.

The BKT-inspired aggregated mastery estimation ap-
proach and MDP framework DQN we developed needs
testing with live educational data streams which will help

in building real-time intelligent tutoring systems. The im-
plementation of Double DQN and actor, critic architec-
tures will enhance system performance through advanced
reinforcement learning methods. The MDP framework
enables personalization to be implemented through hier-
archical and multi-agent reinforcement learning systems
which support group settings at both classroom and group
level. The combination of graph-based knowledge trac-
ing with multimodal behavioral analytics and explainable
reinforcement learning mechanisms will improve the abil-
ity to understand and trust policy decisions made by the
system. The next generation of AI-backed personalized
educational systems needs validation across multiple aca-
demic fields and MOOC platforms which will demonstrate
their ability to operate at full scale and deliver real-world
results. The study contributes a unified computational
framework integrating probabilistic learner modeling with
deep reinforcement learning for adaptive training path op-
timization, demonstrating measurable performance gains
across personalized educational settings. Despite strong
empirical performance, validation is currently limited to
a single educational dataset, indicating scope for broader
cross-domain generalization analysis. Future work will
focus on large-scale deployment, multi-dataset validation,
and enhanced policy adaptation mechanisms to further
improve scalability and instructional intelligence.
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Table 3. Optimal Reinforcement Learning Hyperparameters for Training Path Optimization

Method Accuracy
(%)

Average
Reward
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Episodes

Final
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Success
Rate (%)

Reward
Variance
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Framework 96.38 67.63 1000 0.2533 89.56 60.60
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