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Abstract

This paper explores how reinforcement learning (RL) can be used in education, looking at how it works, its challenges,
and where it might be headed in the future. Reinforcement learning is a way to create personalized, adaptive learning
experiences by adjusting educational content based on each student's progress. While RL shows promise for boosting
student engagement and improving learning outcomes, it also faces challenges, such as limited data, slow feedback, and
ethical concerns. By reviewing recent studies, this paper highlights potential future directions, including integrating
reinforcement learning with other approaches, leveraging offline reinforcement learning, and establishing ethical
guidelines to ensure equitable access for all students.
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1. Introduction

As artificial intelligence (Al) rapidly evolves, its application in education has the potential to drive significant
transformation. One area of Al, called reinforcement learning (RL), is especially promising for creating customized and
flexible learning experiences. Reinforcement learning is a method where a system learns to make decisions based on
feedback from its surroundings, which helps it improve over time. This makes RL a valuable tool for personalized
learning, where content and activities are adjusted to fit each student's needs and pace.

This study looks at how RL is being applied in educational settings, such as using adaptive quizzes, personalized lesson
plans, and interactive learning tools that respond to a student's progress [1]. It also discusses the challenges RL faces, like
needing a lot of data to learn effectively, the difficulty of getting timely feedback, and the importance of handling students’
data ethically [6].

. Pompretees .
- o casen ’
e .
= L e | ¥
u' > 20 ugy et ‘ » Geime odatet perulied bierg 0
- ‘\. o
|
. L o G, ) l:qu:::
N;IWI-';‘] = Judon Jotows i i s ", 0 J

N e ey y

Figure 1. Aflowchart illustrating the RL process in education
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In addition, the study explores new research directions for RL in education. These include developing methods that allow
RL systems to work even with limited data, combining RL with other Al techniques to improve learning outcomes, and
creating ethical guidelines to ensure fair access for all students [7]. This information is valuable for researchers and
educators seeking to use reinforcement learning to design more engaging, student-centered learning environments.

Literature survey

The use of Al in education has evolved over the past decades, with early adaptive learning systems emerging in the 1970s.
Traditional approaches relied on rule-based systems, but the introduction of machine learning enabled more dynamic and
data-driven decision-making [10]. Reinforcement learning has further expanded these possibilities by allowing systems
to adapt over time based on student interactions [1].

Recent research has explored the application of reinforcement learning in various educational settings. Studies have shown
that RL-based tutoring systems can enhance student engagement, while deep RL models have been used to predict student
performance and personalize coursework[4]. However, challenges such as limited data availability and ethical concerns
continue to pose significant barriers.

2. Methodology

In this study, we gathered and analyzed recent information on how reinforcement learning (RL) is applied in education,
aiming to understand its uses, challenges, and best practices. Our focus was on three main areas: intelligent tutoring
systems (which guide students through learning), adaptive curriculum designs (which personalize learning to match each
student's pace and progress), and assessment frameworks (which measure student performance and understanding). These
areas were chosen because they illustrate how RL can make learning more engaging and tailored to individual needs.
We reviewed different RL techniques, including Markov Decision Processes (MDP), deep RL, and partially observable
Markov decision processes (POMDP), each with unique strengths for educational applications. For instance, MDPs are
often used when it’s possible to clearly track student actions and responses, while POMDPs help manage uncertainty
about what students have learned or understood. Deep RL allows for highly personalized learning but generally requires
large amounts of data and computational power, making it more complex to apply in classrooms [11].

Identify the research question
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!

Figure 2. Research Methodology
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Our research was guided by three questions:

- RQ1: What are the main applications of RL in educational environments?
- RQ2: What challenges affect the use of RL in education, and what solutions have been proposed?
- RQ3: What are the recommended practices and future directions for RL in education?

To answer these questions, we conducted a comprehensive review and comparison of recent literature on RL in
educational settings. We identified relevant studies and analyzed them based on their methods, RL models used, and
educational outcomes. Each study was evaluated to understand how it measures student success and tackles common
challenges, such as the need for large data sets, delayed feedback, and ethical concerns [2].

By reviewing this information, we aimed to create a clear picture of how RL is currently being used in education, the main
obstacles it faces, and potential research directions. Our goal is to provide useful insights for researchers, educators, and
developers interested in using RL to create more personalized, effective learning experiences for students.

3. Applications of Reinforcement Learning in Education

Reinforcement learning (RL) is finding valuable applications in education, helping to make learning more personalized,
interactive, and effective [1]. Below are some key ways RL is being used to improve student experiences and educational
outcomes.

—  Data-driven insights for teachers

—— Student engagement tracking

e Behavior analytics

Figure 3. Applications of RL in Education
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3.1 Personalized Learning Paths

RL-based systems can create personalized learning paths by continuously analyzing each student's progress, responses,
and learning needs. These systems adjust the learning content and pace based on the student’s individual performance.
For example, if a student struggles with a topic, the system can present additional practice or break down the material into
smaller steps. This adaptability helps students work at their own pace, making learning more engaging and reducing
frustration. Over time, personalized learning paths can support steady academic growth by building confidence and
understanding gradually.

3.2 Intelligent Tutoring Systems

Intelligent tutoring systems powered by RL provide real-time feedback and support to help students through challenging
subjects. These systems use RL to monitor a student’s learning journey and identify when the student might need extra
help. For example, if a student is stuck on a math problem, the ITS might offer a helpful hint, suggest a different approach,
or break down the problem into simpler parts. By providing guidance at the right moment, RL-based tutoring systems can
keep students motivated and help them grasp complex concepts without feeling overwhelmed [3].

3.3 Teacher-Student Frameworks

In RL-based teacher-student frameworks, students are treated as “agents” interacting with educational content, while the
system provides feedback on their learning actions [1]. Each interaction helps the system understand how the student is
progressing and where they might need help. This framework provides teachers with valuable insights into each student’s
learning patterns, which can guide more targeted instruction. For example, if a student consistently struggles with certain
types of problems, the teacher can provide additional support in that area. By combining the insights from RL systems
with human guidance, teachers can offer more personalized instruction and improve overall learning outcomes.

3.4 Classroom Management and Assessment

RL can also play a role in managing classrooms and evaluating teaching effectiveness. By using techniques like Markov
Chains, RL systems can track classroom dynamics in real time, identifying patterns in student behavior, engagement
levels, and learning progress. For instance, RL can help teachers understand which teaching strategies are most effective
or when students might be losing focus. In addition to supporting classroom management, RL can provide valuable
assessment data on both students and teaching approaches, helping educators make informed adjustments to improve
engagement and support each student’s learning journey [5].

4. Comparison of RL Techniques in Education

Here is a simple breakdown of how different reinforcement learning techniques are used in education, along with their
benefits and challenges. This comparison shows that each technique has its unique strengths and limitations, making them
better suited for specific types of educational applications. For example, Deep RL works well for complex interactive
environments, but it requires a lot of computing power, while MDP is good for structured tasks but needs a large amount
of data to be effective.
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RL Technique Application in | Advantages Limitations
Education
Markov Decision | Adapts  tasks and | Provides a  clear | Needs a large
Process (MDP) personalizes the | structure for decision- | amount of data to work
curriculum making accurately
Partially  Observable | Models student | Handles situations with | Hard to set up;
MDP (POMDP) knowledge and skills uncertain student | uses a lot of computing
progress power
Deep  Reinforcement | Creates interactive | Works well in complex | Requires high
Learning (Deep RL) games and simulations | scenarios with many | computing power
possible states and large datasets
Markov Chain Tracks classroom | Good for real-time | Limited to structured
activities and teacher | evaluation and | situations with clear
performance adaptable in structured | state transitions
settings

Figure 4. Comparison of RL Techniques in Education

Each of these RL techniques brings something valuable to education, but they also have trade-offs. Educators and
researchers need to choose the right technique based on the specific needs of the educational application. For example, if
the goal is to create an interactive game with complex scenarios, Deep RL may be the best choice despite its higher
resource needs. On the other hand, if a simpler, structured approach is sufficient, MDP or Markov Chain could work well
with fewer demands on data and computing power [6].

5. Challenges of Reinforcement Learning in Education

RL_Challenges
Data Scarcily'____ [ __éthical Concerns
Delayed Feedback Iy
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Figure 5. Challenges of RL in Education

5.1 Data Scarcity and Simulation Limitations

Reinforcement Learning (RL) systems need a lot of data to learn and improve. However, in real educational settings, it’s
often hard to gather enough data from students and teachers. For RL models to work well, they need realistic training
environments that mimic real-world classrooms, but creating these simulations can be expensive and time-consuming.
This lack of good data and high-quality simulations makes it tough to apply RL widely in education.

© 2025, IJSREM | www.ijsrem.com DOI: 10.55041/IJSREM51183 | Page 5


http://www.ijsrem.com/

International Journal of Scientific Research in Engineering and Management (IJSREM)
Volume: 09 Issue: 07 | July - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

5.2 Delayed and Noisy Rewards

In the context of education, the feedback or "reward" for a student’s learning progress doesn’t come immediately. For
instance, if a student answers a question correctly, the RL system might not know right away if it was due to recent practice
or a general improvement. This delay makes it hard for RL algorithms to link specific actions to outcomes accurately [3].
Furthermore, if the feedback is inconsistent or unclear, RL systems might make incorrect assumptions, which can result
in inaccurate recommendations or a model that’s too focused on specific types of responses, also known as overfitting.

5.3 Ethical and Privacy Concerns

Using RL in education involves handling sensitive student data, such as learning behaviors and personal information,
which raises important ethical concerns [5]. Privacy is a major issue since student data must be kept secure and handled
carefully to ensure it isn’t misused. Additionally, RL systems must be designed to be fair, transparent, and unbiased. If
not, these systems might unintentionally favor certain groups of students over others, leading to unfair treatment [10].
Ensuring RL systems are both ethical and equitable is crucial in educational settings, where every student deserves an
equal chance to succeed.

6. Future Research Directions

6.1 Hybrid RL Models

One promising direction for future research is the development of hybrid RL models. These models would combine
reinforcement learning with symbolic reasoning and established teaching methods [9]. By doing this, RL systems could
better understand the complex nature of educational environments. For example, incorporating teaching strategies could
help RL systems make better decisions about how to guide students. This approach would limit the range of possible
actions (policy spaces) the system can take, making it more efficient and effective in helping students learn.

6.2 Offline RL for Historical Data

Another area for future research is the use of offline reinforcement learning (RL) with historical data from educational
settings. Offline RL allows researchers to train models using past data without needing real-time feedback from students.
This is particularly useful in situations where collecting real-time data is difficult, such as in remote learning scenarios or
in classrooms with limited technology. By leveraging historical data, RL models can be trained to recognize effective
teaching strategies and learning outcomes, making RL more accessible and applicable in diverse educational settings.

6.3 Scalable and Ethical RL Frameworks

Future research should focus on creating RL frameworks that are both scalable and ethical. These frameworks should be
designed to work effectively across different educational contexts, from primary schools to universities. It's important to
integrate fairness-aware algorithms, which can help ensure that the recommendations made by RL systems are unbiased.
For instance, multi-armed bandit models can be enhanced with fairness considerations to personalize learning experiences
for all students, regardless of their background. This will not only improve learning outcomes but also promote equity in
education.
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6.4 Collaborative Learning Environments

Research could also explore how RL can be used in collaborative learning environments, where students work together
on projects or tasks. By understanding group dynamics and individual contributions, RL systems could help enhance
teamwork and communication skills, making the learning process more interactive and engaging.

7. Conclusion

This study shows how reinforcement learning (RL) can change education by providing personalized learning experiences
for students. RL can create tailored learning paths, support intelligent tutoring systems, and improve interactions between
teachers and students, which can lead to higher engagement and better outcomes. However, there are challenges to
overcome, such as the need for more data, delayed feedback, and concerns about privacy and fairness.

Future research should focus on developing hybrid RL models that integrate traditional teaching methods, exploring
offline RL techniques utilizing historical data, and establishing scalable, ethical frameworks for diverse educational
contexts. Additionally, exploring how RL can enhance group work among students is important for fostering teamwork
and communication skills. Overall, while RL has great potential in education, addressing these challenges is key to making
sure all students benefit from its use.
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