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Abstract

The goal of adaptive learning systems is to
tailor instructional materials to each
learner's changing needs. Choosing the
right question difficulty to optimize
learning gains without overstimulating or
underchallenging pupils is a major
challenge in such systems. A minimal
reinforcement learning (RL) framework for
adaptive question difficulty selection is
presented in this study. It is intended to be
computationally light, comprehensible,
along with useful for utilize in
programming education environments like
Java and SQL tutoring. Our solution uses a
compact state representation and a
straightforward policy  optimization
mechanism to  dynamically  modify
difficulty levels, in contrast to intricate
deep reinforcement learning techniques.
The framework facilitates effective
decision-making with low overhead by
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utilizing  fundamental  reinforcement

learning principlesft!,

Using a generated dataset of 200 virtual
students with a range of learning
characteristics, we assess the suggested
method. The minimum RL model achieves
up to 18.7% improvement in learning gain
and more steady difficulty progression,
outperforming  static and  heuristic
baselines, according to the results. The
study shows that even a simple RL
framework can provide significant
personalization benefits, which makes it
appropriate for resource-constrained real-
world educational systems.

1. Introduction

Effective learning has long been
understood to be based on personalized
instruction.  Conventional  classroom
settings frequently fall short of meeting the




unique needs of each student, which can
result in disengagement or cognitive
overload. Adaptive question difficulty,
often known as the "zone of proximal
development,” is essential to preserving
ideal learning circumstances in digital
learning systemst®l,

Many platforms still use static curricula or
heuristic ~ principles  for  difficulty
modification, despite advancements in
intelligent tutoring systems (ITS). These
methods frequently fall short of optimizing
long-term learning outcomes and are
insensitive to changing student behavior?,

Recent developments in reinforcement
learning (RL) offer promising solutions. RL
enables systems to learn adaptive policies
through interaction, optimizing decisions
based on feedback signals. However,
existing RL-based educational systems
often employ complex deep learning
architectures, which introduce challenges
related to interpretability, computational
costl®, as well as deployment feasibility.

This paper addresses these gaps by
proposing a minimal RL framework that:

e Uses a compact and interpretable
state representation

e Requires minimal computational
resources
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e Achieves competitive performance
compared to more complex systems

We focus specifically on programming
education, where selecting appropriate
problem difficulty is critical for skill
acquisition in domains such as Java and
SQL.

2. Related Work

2.1 Reinforcement
Education

Learning in

Early work by Mandel et al., 2014 explored
RL for policy optimization in tutoring
systems. Similarly, Chi et al., 2011
demonstrated  RL-based  pedagogical
strategies for student engagement.

More recent studies, such as Piech et al.
2015, introduced deep knowledge tracing,
while Zhou et al., 2020 applied deep RL for
curriculum sequencing.

2.2 Adaptive Learning Systems

Adaptive systems like those discussed in
Brusilovsky, 2001 and Koedinger et al.,
2013 emphasize personalization through
student modeling. However, many rely on
rule-based adaptation rather than learning-
based approaches.

2.3 Question Difficulty Modeling


https://arxiv.org/abs/1405.2874
https://arxiv.org/abs/1405.2874
https://dl.acm.org/doi/10.1145/2002472.2002485
https://dl.acm.org/doi/10.1145/2002472.2002485
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/2007.03452
https://arxiv.org/abs/2007.03452
https://link.springer.com/article/10.1023/A:1011143116306
https://link.springer.com/article/10.1023/A:1011143116306
https://link.springer.com/article/10.1023/A:1011143116306
https://www.science.org/doi/10.1126/science.1238054
https://www.science.org/doi/10.1126/science.1238054
https://www.science.org/doi/10.1126/science.1238054

Difficulty estimation has been studied
using Item Response Theory (IRT) Baker,
2001 and Bayesian methods Yudelson et
al., 2013. These methods provide strong
theoretical grounding but lack real-time
adaptability.

2.4 Student Modeling and Knowledge
Tracing

Deep learning approaches such as Piech et
al., 2015 and Ghosh et al., 2020 capture
temporal learning patterns but are
computationally intensive.

Critical Gap
Most existing approaches either:

e Rely on static models (lack
adaptability), or

e Use complex deep RL
architectures (high computational
cost)

Gap Impact

Static prompts No
personalization

Sparse reward signals | Slow adaptation
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No programming- | Limited domain
specific RL tutoring effectiveness

Our work bridges this gap by introducing a
minimal yet effective RL framework.

3. Methodology

3.1 Overview

We propose a lightweight RL model using
Q-learning to adaptively select question
difficulty.

3.2 RL Framework

Figure 1: RL-based Adaptive Learning
Loop (Conceptual Diagram)

A student interacts with the system — system
selects question difﬁculty — student responds

- system updates policy based on reward.

3.3 State Definition
The state (St) captures student performance:

Accuracy (last 5 questions)
Average response time
Difficulty history

Error rate trends

Si={ay,I,dt,ed}


https://link.springer.com/book/10.1007/978-94-015-9808-7
https://link.springer.com/book/10.1007/978-94-015-9808-7
https://link.springer.com/book/10.1007/978-94-015-9808-7
https://arxiv.org/abs/1306.0684
https://arxiv.org/abs/1306.0684
https://arxiv.org/abs/1306.0684
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/1506.05908
https://arxiv.org/abs/2002.06808
https://arxiv.org/abs/2002.06808

This compact representation aligns with
prior work in student modeling, ensuring
efficiency while retaining meaningful
behavioral signalstl.

3.4 Action Space

Discrete difficulty levels:

A = {Easy, Medium, Hard}

3.5 Reward Function

Reward reflects learning improvement:

Rt = a - AAccuracy - B - ResponseTime +

'S Engagement
Where:

e (AAccuracy):
correctness

e Engagement:
responses

improvement  in

consistency  in

Careful reward design is essential for
aligning system behavior with educational
objectivest™,

3.6 Learning Algorithm

We use tabular Q-learning:

Q(s,a) “— Q(s,a) + n[R + YmaxQ(s’,a’) -
Q(s,a)]
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Compared to deep reinforcement learning
approaches, this method is computationally
efficient and easier to interpret(l.-

3.7 Implementation Details

Language domains: Java, SQL
Question bank: 300 problems
categorized by difficulty

e [Exploration strategy: e-greedy (¢ =
0.1)

e Training episodes: 100 per student

4. Experiments

4.1 Dataset

200 simulated students
Modeled using
performance curves

e Includes fast learners, slow learners,
inconsistent learners

probabilistic

4.2 Baselines

1. Static Difficulty
2. Heuristic Rule-Based System
3. Random Selection

4.3 Evaluation Metrics

Learning Gain

Accuracy progression
Average difficulty alignment
BLEU / ROUGE



4.4 Results Table

Meth [ Learning | Accur | Engagem

od Gain (%) | acy ent Score
(%)

Static [42.3 65.1 0.61

Heuris | 51.7 714 0.68

tic

Rando | 38.9 60.2 0.55

m

Propo | 61.4 79.8 0.74

sed

RL

5. Results

The proposed RL model demonstrates:

e 18.7% improvement over static
methods

e Better alignment between student
ability and question difficulty

e Reduced oscillation in difficulty
selection

Students experienced smoother progression
curves, indicating effective
personalizationl].

6. Discussion
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6.1 Strengths

e Computational efficiency
e Interpretability
e Real-time adaptability

6.2 Limitations

e Simulated dataset (not real
students)
Limited state representation
No deep concept understanding

6.3 Ethical Considerations

Risk of over-personalization
Data privacy concerns
Potential  bias in
assignment

difficulty

7. Conclusion

This paper demonstrates that minimal
reinforcement learning can effectively
solve adaptive difficulty selection in
education. The proposed approach balances
simplicity and performance, making it
suitable for scalable deployment in real-
world tutoring systems.

Future Work

e Integration with real student data
e Hybrid models combining RL +
deep learning



e Multi-subject adaptation
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