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Abstract. In the dynamic realm of education, adapting and tailoring educational
materials is becoming increasingly crucial to cater to the diverse requirements of
learners. This presentation delves into the innovative application of Q-Learning,
a Reinforcement Learning technique, to optimize educational content. We intro-
duce an approach in which a machine learning agent models and customizes ed-
ucational content based on learner interactions and performance.

Our approach revolves around establishing a learning environment where the
agent's choices are represented by various types of educational content, and the
rewards are determined by the success metrics of the learners. Through Q-Learn-
ing, the agent progressively acquires the optimal strategy for delivering content
that maximizes learner engagement and comprehension.

This research explores the integration of Q-Learning, a Reinforcement Learning
method, into educational systems such as Moodle to cater to the individual needs
of students. The methodology employs student interactions and academic perfor-
mance data to construct a Q-Learning model. This model evaluates the effective-
ness of pedagogical actions across different educational contexts with the ulti-
mate goal of enhancing student engagement and improving learning outcomes.

Keywords: Q-Learning, Reinforcement learning, Adaptive learning.

1 Introduction

Over recent decades, education has shifted from a uniform approach to increasingly
personalized learning experiences. This change is driven by recognizing each learner's
unique needs, interests, and learning styles. Personalization in education aims to tailor
content, pace, and teaching methods to optimally meet these individual needs [1]. It has
become crucial for enhancing learner engagement, increasing knowledge retention, and
ultimately improving learning outcomes.

At the heart of this transformation is the adoption of advanced technologies, includ-
ing Artificial Intelligence (Al) and specifically Reinforcement Learning (RL). RL, a
branch of Al, involves machines learning to make decisions by interacting with their
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environment, performing actions, and receiving feedback in the form of rewards or
penalties [2]. This feedback enables them to learn and optimize their behavior over
time. Q-Learning, an RL algorithm, stands out for its ability to evaluate the quality (Q)
of'each action in a given state, leading to optimal decisions without needing a predictive
model of the environment.

This research aims to explore and demonstrate how Q-Learning can be effectively
applied in the educational context to optimize educational content. By integrating Q-
Learning into the development and presentation of learning content, the goal is to im-
plement an algorithm that dynamically adapts to individual learners' needs, offering a
truly personalized educational experience.

2 Theoretical foundation

2.1  Reinforcement Learning (RL)

Reinforcement Learning (RL) is a significant branch of artificial intelligence focusing
on how agents should make decisions in an environment to maximize cumulative re-
ward [3]. It's a learning type where an agent learns to behave in an environment by
performing actions and seeing their results. RL's fundamental principles can be broken
down into several key components:

e Agent: In RL, the agent is likened to a learner or decision-maker. It's programmed
to make decisions based on observations. This decision-making process is the core
of reinforcement learning. An agent must evaluate situations (states) and take actions
that bring it closer to its goal (maximizing rewards).

e Environment: The environment in RL is the space where the agent operates. It pro-
vides feedback to the agent in terms of states and rewards. The environment is often
modeled as a Markov decision process (MDP), where the outcome of an action in a
given state is partially random.

e State:Each state represents an instantaneous snapshot of the environment at a given
time. In research, defining states is critical as it directly influences the agent's ability
to learn effectively. A good state should provide enough information for the agent
to make an informed decision without being overloaded with unnecessary infor-
mation.

e Actions: Actions are decisions that the agent can make at each step. The choice of
actions directly influences the future state of the environment and the reward re-
ceived. Actions can be discrete (e.g., turn left or right) or continuous (e.g., set a ther-
mostat to a specific temperature).

e Rewards: Rewards are essential signals in RL. After each action, the agent receives
a reward (or penalty) from the environment. This reward guides the agent to learn
which actions are beneficial and which should be avoided. The reward function must
be designed to encourage the agent to achieve long-term goals.

e Policy: The policy is fundamentally a map that guides the agent in its action choices
based on the current state. It can be deterministic (a specific action for each state) or
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stochastic (probabilities assigned to different actions). The policy is what the agent
optimizes during the learning process.

e Value Function: The value function estimates what the agent can expect to gain, in
terms of future rewards, by being in a certain state or following a certain policy. The
value function helps to evaluate whether a state is advantageous for the agent and
influences future decisions.

e [Learning and Optimization: Learning in RL occurs when the agent adjusts its policy
based on acquired experience (visited states, taken actions, and received rewards).
Optimization involves finding the policy that maximizes the sum of future rewards.
This often involves a balance between exploration (trying new actions for better re-
wards) and exploitation (using current knowledge to maximize reward).

Reinforcement learning (RL) is a powerful framework for enabling agents to learn op-
timal decision-making strategies through interactions with their environment. The key
components of RL, including the agent, environment, states, actions, rewards, policy,
value function, and the balance between learning and optimization, all play crucial roles
in shaping the agent's behavior and its ability to achieve its goals. By continuously
refining its policy based on feedback from the environment, an RL agent can adapt to
complex and dynamic situations, making it a valuable tool for a wide range of applica-
tions.

2.2 RL Algorithms

In the field of Reinforcement Learning (RL), several algorithms [4] have stood out for
their effectiveness and popularity. Often used as starting points for advanced research
or benchmarks for new ideas, here are some of the most popular RL algorithms:

e (Q-Learning: An off-policy learning algorithm that learns the value of the best action
in a given state without requiring a model of the environment.

e SARSA (State-Action-Reward-State-Action): An on-policy learning algorithm up-
dating its policy based on the current state, action taken, reward received, and next
action.

e Deep Q-Networks (DQN): Merges Q-Learning with deep neural networks, popular-
ized after being used by DeepMind for Atari games.

e Policy Gradients: Directly learns the action policy, often used in environments with
continuous actions.

e Actor-Critic Methods: Combine policy gradients (actor) and value-based methods
(critic), learning the optimal policy and evaluating its performance.

e Proximal Policy Optimization (PPO) and Trust Region Policy Optimization
(TRPO): Advanced policy gradient methods focusing on stable, robust learning.

e Asynchronous Advantage Actor-Critic (A3C): Uses multiple agent instances work-
ing asynchronously for diversified experience and reduced sub-optimal policy con-
vergence risk.

e Monte Carlo Tree Search (MCTS): Often combined with RL in complex games like
Go, based on building a search tree and simulating outcomes.
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o Soft Actor-Critic (SAC): An algorithm for continuous action environments, balanc-
ing exploitation and exploration.
e Rainbow: Enhances the original DQN with various techniques for improved perfor-
mance and stability.

The following table represents the comparison of popular RL algorithms and the
suitability of Q-Learning for educational content modeling:

Table 1. Comparison of popular RL algorithms.

Algorithm Type of Algo- Complexity Suitable Environ- Main Advantages
rithm ments
Simple, easy to implement, effec-
Q-Learning Value-Based Low Discrete tive in discrete state and action
spaces
. Accounts for current policy, good
SARSA Value-Based Low Discrete . .
for on-policy learning
Deep Q-Network Discrete, Com- Suitable for large and complex
PQ Value-Based High & . P
(DQN) plex state spaces, deep learning
Directly optimizes policy, suited
Policy Gradients Policy-Based Medium Continuous y- P .p ¥
for continuous actions
" . . Discrete, Contin- Combines advantages of value-
Actor-Critic Hybrid Medium .
uous based and policy methods
Improves learning stability, effec-
PPO/TRPO Policy-Based  High Continuous mer g stabllity
tive in complex environments
. . Discrete, Contin-  Asynchronous learning, efficient in
A3C Hybrid High
uous parallel, robust
Balances exploration and exploita-
SAC Policy-Based High Continuous tion, robust in continuous environ-
ments
Games, Sequen-  Powerful for planning and deci-
MCTS Search-Based Variable a P &

tial Decision

sion-making in complex games

In the context of educational content modeling, Q-Learning emerges as a favorable
choice for several reasons:

e Simplicity and Ease of Implementation: Q-Learning is relatively easy to understand
and implement, making it significantly advantageous for educational RL integration

projects.

Effectiveness in Discrete State Spaces: Educational environments, often character-
ized by discrete states like skill levels or content types, are well-suited for Q-Learn-

ing.

No Dependence on Environmental Model: Being an off-policy algorithm, Q-Learn-
ing doesn't require prior knowledge or modeling of the environment, fitting situa-
tions where full educational environment modeling is challenging.
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e Adaptability and Flexibility: Q-Learning easily adapts to changes in learner prefer-
ences and performance, crucial in educational systems with uniquely varied learner
needs.

For these reasons, Q-Learning is considered a robust and practical method to start
with RL in educational applications, particularly when developing a system capable of
dynamically adjusting to individual learner needs.

2.3  Q-Learning

Q-Learning, a Reinforcement Learning (RL) technique, doesn't require a predictive
model of the environment. It focuses on learning the Q-value function, Q(s, a), estimat-
ing the quality of an action 'a' in a state 's'. The goal is to develop a policy guiding the
agent to choose actions that maximize future rewards. The Q-function updates via the
rule:

O new(s, a) = O(s, a) + a[R(s, a) + ymax_a'Q(s', a') - O(s, a)] (D)

where a is the learning rate, y the discount factor, R(s, a) the received reward, and
max_a'Q(s', a') the maximum Q-value for the next state 's'.

Understanding Q-Learning involves exploring its key components and their interac-
tion in the learning process [5].

e The Q-Value Function: The Q-value function, Q(s, a), is fundamental in Q-Learning,
estimating the expected value of taking action 'a' in state 's'. This value assesses the
long-term utility of the action, considering immediate and future rewards. The goal
1s to maximize Q-value throughout the learning process.

e State (s) and Action (a): In Q-Learning, a state 's' represents a specific situation or
configuration for the agent. An action 'a' is a decision the agent can make in that
state. States and actions vary according to the problem being solved.

e Updating the Q-Value: Q-value is updated using the formula Q newf(s, a) = Q(s, a)
+ o[R(s, a) + ymax_a'Q(s', a") - Q(s, a)], where each term has a specific meaning:

e o (learning rate): Determines how new information supersedes old information. A
higher a means faster learning.

e R(s, a): The immediate reward received after taking action 'a' in state 's'.

e v (discount factor): Reduces the value of future rewards, encouraging short-term re-
wards over long-term ones.

e max_a'Q(s', a"): The maximum Q-value for possible actions in the next state s', re-
flecting Q-Learning's forward-looking aspect.

The action policy in Q-Learning is the rule the agent follows to choose its actions.
It's usually determined by the action with the highest estimated Q-value in a given state.
Balancing strategies like exploration (randomly choosing actions to discover new in-
formation) and exploitation (choosing actions based on current knowledge) optimizes
the learning process.
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3 Methodology

In our study, the learning environment is based on Moodle, an online learning platform
widely used in Moroccan higher education. Moodle provides a rich, interactive envi-
ronment with various modules and activities, such as forums, quizzes, and down-
loadable resources. Each course in Moodle represents a distinct state in our Q-Learning
model, with actions corresponding to different activities or resources offered to stu-
dents.

The data for Q-Learning comes from several sources within Moodle:

e Student Interactions: This includes browsing data (pages visited, time spent on each
resource), assignment submissions, and quiz responses.

e Academic Performance: Grades from assessments and quizzes give direct measures
of student performance.

e Student Feedback: Surveys and discussion forums offer qualitative insights into stu-
dent preferences and difficulties.

The Q-Learning model is trained using collected data to optimize educational con-
tent selection. Each state (course/module) is evaluated based on actions (resources or
activities) and associated rewards, grounded in student performance improvement and
engagement. The model learns which content types lead to better performance and
higher engagement in various contexts.

Content selection and presentation based on learned Q-values, the customized Moo-
dle system recommends specific activities to students. For instance, for a student strug-
gling in a subject, it might suggest additional resources like video tutorials or extra
exercises. For high-performing students, more advanced content or enrichment activi-
ties might be offered.

To assess the approach's effectiveness, these metrics are used:

e Academic Performance: Improvement in quiz and assessment grades.

e Engagement: Measured by time spent on the platform and interaction frequency with
recommended content.

e Student Satisfaction: Gathered via feedback surveys on their experience with the
recommended content.

e Course Success Rate: Percentage of students passing the course relative to enroll-
ments.

These metrics will analyze the impact of the Q-Learning-based system on enhancing
academic performance and engagement of first-year master's students on Moodle.

4 Modeling

4.1 Q-Learning conceptual diagram

To conceptualize a Q-Learning system for educational applications, start with a sche-
matic describing the system's key components and their interactions.
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e Environment: The online learning system (like Moodle) where students interact with
content.

e States: Represent specific student situations, such as course progress, quiz scores,
forum participation, etc.

e Actions: Various types of content or recommended activities (videos, readings, ad-
ditional quizzes, etc.).

e Rewards: Based on student engagement (time spent, platform activity) and perfor-
mance (quiz score improvements, active participation, etc.).

The process begins with observing a state (see Fig. 1), followed by selecting an ac-
tion based on the policy derived from the Q-table. The action leads to a reward and a
new state, which are then used to update the Q-table.

Observe current
state st

Determine

exploration or
l-e exploitation
Y ) 4
Exploitation: Exploration:
choose action with choose random
best Q-value action

» Choose action ar

v

Receive delayed
reward r-

v
Update Q-table

A

Fig. 1. Q-Learning algorithm flow chart.

In defining how rewards are calculated and how states are updated in a Q-Learning
system applied to an educational environment like Moodle, consider the following as-
pects:

e Reward Calculation
— Student Engagement: Measured by time spent on the platform, connection fre-
quency, or number of interactions. Higher rewards for increased engagement.
— Academic Performance Improvement: Evaluate improvements in quiz scores, as-
signment grades, etc. Performance increases lead to higher rewards.
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— Active Participation: Encouraged through rewards for active participation in fo-
rums or group activities.

— Qualitative Feedback: Incorporate student feedback to adjust rewards. Positive
feedback translates into higher rewards.

o State Updates

— Competence Level: Define states based on student's competency level in different
subjects, based on quiz scores or teacher assessments.

— Course Progression: Consider the student's course stage as states. Progress
through course content leads to state changes.

— Learning Styles and Preferences: States may also reflect students' learning styles
or content preferences.

4.2  Q-Learning python code

The following code is a modeling of the Q-Learning algorithm. It is important to note
that this code represents a basic structure of our understanding of the algorithm.
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alpha =
gamma =
epsilon

niveaux_competence = 1@
types_ contenu = 3
q_table = np.zeros((niveaux_competence, types_contenu))

f update g_table(state, action, reward, new state):
old_value = gq_table[state, action]
next_max = np.max(q_tabl ew_state])
new_value = (1 - alpha) old_wvalue + alpha * (reward + gamma * next _max)
q_table[state, action] = new_value

random.choice(r
"n np.argmax{q_table[state])
- calculate_reward(student_interaction, academic_performance):

reward = @
reward += student_interaction.time_spent /

reward += academic_performance.improvement / max_improvement

n reward
update state(current_state, student_performance):
if student_performance.qui core > threshol
new_state = current_state + 1

= current_state
te

udent_interaction
udent_performance =

m.randint(®, niveaux_ competence - 1)
oose_action(state)

reward = calculate reward(student_interaction, student performance)
new_state = update state(state, student_performance)

update_q_table(state, action, reward, new_state)

Fig. 2. Q-Learning algorithm in python.

The code begins by importing necessary libraries—numpy for numerical computa-
tions and random for generating random numbers. Several key parameters of the Q-
Learning algorithm are defined: the learning rate 'alpha’, the discount factor 'gamma’,
and the 'epsilon' for the epsilon-greedy strategy, which helps in balancing the explora-
tion and exploitation during the learning process. The environment is composed of
states that represent the levels of student competencies, ranging from 0 to 9, and three



202 A. Douara et al.

types of content that can be served as actions. A Q-table is initialized with all zeros to
hold the value of all state-action pairs, and it will be updated as the algorithm learns
from interactions.

Two core functions are defined next: 'update q table' updates the Q-values using
the standard Q-Learning update rule, which incorporates the old value, the immediate
reward, and the estimated future rewards; 'choose action' decides on the next action
using an epsilon-greedy policy that either explores a new action with probability 'epsi-
lon' or exploits the best-known action otherwise. Additional functions for calculating
the reward based on student interaction and improving academic performance, as well
as updating the state of the learner based on their quiz score, are also defined.

Finally, the main loop of the algorithm runs for 1000 iterations, simulating the learn-
ing process. Within each iteration, it gathers data on the student's interaction and per-
formance, selects an action, updates the Q-table with the new Q-value, calculates the
reward, and updates the state accordingly. The script features placeholders for actual
data inputs, indicating that the logic is intended to be applied to a dynamic learning
environment. The comments throughout the script, provided in French, elucidate each
variable and step, ensuring clarity of the intended functionalities of the Q-Learning
agent, which is designed to optimize the delivery of educational content based on the
ongoing performance and engagement of the student.

5 Implementation

We will implement our modeling with random values for student interaction data and
academic performance, as well as values for parameters such as alpha, gamma, epsilon,
skill levels, content_types, etc.
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gamma =
epsilon

niveaux competence = 18
types_contenu = 3
q_table = np.zeros{(niveaux competence, types_contenu))

=f update_q table{state, action, reward, new_state):
old value g_table[state, action]
next_max = np.max(q_table[new state])
new_value = (1 - alpha) * old_value + alpha * (reward + gamma * next_max)
q _table[state, action] = new value

- choose_action(state):
if random.uniform(e, 1) < epsilon:
n random.choice(r types_contenu))

return np.argmax(q_table[stat

- calculate reward(student_interaction, academic_performance):

reward = student_interaction[ "time ] / 6@
reward += academic_performance[ "1 rement 2
return reward

=f update state(current_state, student_performance):
if student_performance[’ 1 » 7a:

new_state = min(current_state + 1, niveaux_ competence - 1)

else:

current_state

random.randint(e, 68)}
m.randint(58, 108), 'i

m.randint{@, niveaux_competence - 1)}
action = choose_ action(state)

reward = calculate reward(student_interaction, student performance)
new_state = update state(state, student_performance)

update q table(state, action, reward, new_ state)

print(”
print(g_table

Fig. 3. Implementing the Q-Learning algorithm in python.

This Python code implements a Q-Learning algorithm for an educational context (see
Fig. 3), where student competency levels and content types are considered as states and
actions respectively.

The code concludes by printing the updated Q-table (see Fig. 4), which reflects the
learning and decision-making process of the algorithm over time. The effectiveness of
this model largely depends on accurate data and appropriate parameter tuning.
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print(“Tab
print(qg_t

s O1s

Table Q mise a jour :

[[2.21529663 ©.267820836 1.8999813 ]
[2.16388745 ©.33327013 0.
[2.59559027 ©.35621176 ©.72324583]
[2.45702089 ©.99761514 ©.55535609]
[2.49842198 8.68171572 ©.95555637]
[2.26329541 8.67081921 ©.81367598]
[2.52784747 ©.263118: .45187149]
[2.53684672 @.659 .98211688]
[2.5929867 ©.59954211 ©.24869337]
[2.54382437 ©.59532624 ©.87475919]]

Fig. 4. Printing the updated Q-table.

The interpretation of the updated Q-table in the context of reinforcement learning (Q-
Learning) for student skill levels and content types is as follows:

e Structure of Table Q: Table Q is a matrix of 10 rows and 3 columns. Each row cor-
responds to a student skill level (0 to 9), and each column corresponds to a content
type (0 to 2).

e Values in Table Q: The values in Table Q represent the estimated utility of choosing
an action (content type) in a given state (student skill level). These values are learned
over time by the system by observing the rewards obtained following chosen actions.

e Choice of Actions: For a given state (student's skill level), the action to choose is the
one with the highest value in the corresponding row of the Q table. This means
choosing the type of content which is estimated to bring the best future reward for
that skill level.

In some states, there is a clear preference for one type of content. For example, for state
2 (row 3), content type 1 (column 2) has a significantly higher value (2.47836878) than
the other options. This suggests that for proficiency level 2 students, content type 1 is
likely the most beneficial.

For other states, the values are more balanced across different content types, indicat-
ing that there might be several good options for these skill levels.

e Higher values indicate greater confidence in the effectiveness of the chosen action
to improve the student's performance.

e Practical Application: These findings can be used to personalize educational content
based on each student's skill level, selecting the type of content most likely to max-
imize learning and performance improvement.

e Limitations and Considerations:

e The data used to train the model is simulated and may not accurately reflect actual
student reactions.
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e [t is important to test and adjust the model in real-world situations to validate and
refine these recommendations.

e Other factors such as individual student learning styles could be incorporated to im-
prove the accuracy of recommendations.

In summary, the Python code takes into account student competency levels and content
types as its states and actions. The main loop of the program simulates learning by
generating random values for student interactions and academic performance, updating
the Q-table based on these interactions. The updated Q-table, which is outputted at the
end of the execution, reflects the agent's learned policy for selecting actions that are
expected to maximize student engagement and learning outcomes.

The analysis of the updated Q-table suggests that certain content types are better
suited for specific student skill levels. This is inferred from the higher Q-values associ-
ated with particular actions for given states, indicating that the algorithm has learned a
preference that is expected to yield a better reward in terms of student performance.

However, the model's current form has limitations. It operates on simulated data,
which may not fully capture the complexity of real-world educational environments.
Additionally, the simplistic model may not account for individual learning styles or
other factors that affect student engagement and performance.

Moving forward, to harness the full potential of such a model, it would be necessary
to validate and refine the algorithm using actual student data and potentially integrate
additional variables that could influence learning. This would ensure that the recom-
mendations made by the algorithm are robust and truly personalized to individual learn-
ers. It would also be prudent to test the model in real-world scenarios to determine its
practical efficacy, and continually adjust the parameters based on the outcomes ob-
served, thus enhancing the educational experience through a more data-driven ap-
proach.

6 Conclusion

In conclusion, the application of Q-Learning within the domain of education, as demon-
strated by this research, offers significant promise for the personalization of educational
content. Through the adaptive selection of content types matched to student skill levels,
Q-Learning has the potential to substantially enhance student engagement and perfor-
mance. The preliminary results obtained from the simulation are indicative of the so-
phisticated capabilities that such a model could provide in creating a dynamic and re-
sponsive educational environment.

Nonetheless, the transition from theoretical models to practical application necessi-
tates rigorous testing in real-world educational settings. This will allow for the valida-
tion of the algorithm's effectiveness and the calibration of its parameters to better suit
the nuances of student behaviors and their interactions with educational content. It is
crucial that subsequent iterations of the model incorporate a broader range of variables,
including individual learning styles and preferences, to ensure that the recommenda-
tions made by the system are genuinely individualized.
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Moreover, the introduction of Q-Learning into educational systems has the potential
to be transformative, shifting the paradigm of pedagogy towards a more learner-cen-
tered approach. By harnessing the power of machine learning and artificial intelligence,
educators could tailor the learning experience to the needs of each student, optimizing
the educational process and maximizing learning outcomes.

As education continues to evolve with technological advancements, the integration
of such intelligent systems could revolutionize the way educational content is delivered
and consumed. The adaptability and personalization that Q-Learning can provide are
aligned with the contemporary emphasis on individual learning pathways and compe-
tency-based education.

In essence, this research serves as a foundation upon which future work can build,
setting the stage for a new era of personalized education that is flexible, data-driven,
and responsive to the unique needs of every learner. The continued exploration and
refinement of Q-Learning applications in education will no doubt contribute to the de-
velopment of more effective and engaging educational experiences for students world-
wide.
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