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Abstract— Conventional methodology of a classroom-based learning generates less curiosity
amongst students learning programming for the first time. To overcome this challenge we
propose an interactive clickable tool that maintains the student interest for a longer duration
with respect to learning programming. We use Reinforcement Learning based reward
visualization together with sequential logical progress of concepts to learners. This framework
combines Q-learning, adaptive rewards and Al-generated exercises to create a more engaging
and self-correcting experience for the user compared to traditional teaching methods. Upon
simulation, we get highly satisfactory results for criteria such as Sequential order, Educational
value and Overall value of 100%, 94% and 97% respectively.
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1. INTRODUCTION

In recent times Python is the most used programming language with simple and readable syntax. Python became
a preferred language for introductory learning for programming[1]. Learning Python in traditional approach
makes students to read the theory and memorize syntax. Such an approach generates a disinclination towards
programming. Students act as passive recipients of information through lectures, textbooks, or videos. This lack
of active engagement makes it harder for students to retain concepts and apply them [2]. So learning Python
through a game-based approach is more effective than traditional methods. It makes programming interactive
and increases motivation, problem solving skills[3]. It reduces fear of errors and helps beginners develop logical
thinking in a fun environment. It makes students learn faster and provides a deeper conceptual and practical use
of Python. Studies on Generative Al integration in education indicate that Al-driven systems can improve learner
motivation, adaptive instructional design, and self-regulated learning [4]. Educational systems based on
Reinforcement Learning have also demonstrated the ability to analyse learner behaviour and provide adaptive
learning assistance in cognitive learning environments [5] .

In this work, we are proposing a Reinforcement Learning (RL) [6] based grid and click approach towards
learning programming. Our work is primarily focused on students who are learning programming for the first
time. The idea behind using Q-learning is that it learns through trial and error, which is similar to the way
students learn from mistakes and repeated practice. Research on RL agents in simulation environments
highlights the importance of reward-based learning and sequential decision-making for adaptive systems [7]. Q-
Learning is a  fundamental concept involved in RL. The idea for using Q-learning here is it learns from trials
and errors which is very similar to that of how a student learns from mistakes and errors.
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This concept makes RL useful in educational purposes. Similarly, game-oriented Reinforcement Learning
environments have shown improved interaction and engagement through reward-driven learning mechanisms
[8]. Recent studies on sparse reward environments further demonstrate how RL systems can continuously
improve performance through feedback and adaptive exploration strategies [9].

The proposed system incorporates gamification elements such as rewards, levels, and progress tracking to
enhance user engagement and interactivity. For dynamic content generation we use a grid environment
integrated with the Al model Groq (different from Grok). This integration enables the real-time generation of
new Python programming problems and exercises for beginners. Additionally, the system generates rewards for
each correct option selected by the user, thus providing for an interactive and visually appealing medium for
students to learn programming. This unique property makes this platform more interactive and flexible than
other methods. The contribution of this paper is in designing a dynamic interactive click-based interface to learn
and conceptualize introductory programming. Provide a visualized display of RL based rewards with every step
of sequential progress.

II. LITERATURE REVIEW

Learning Programming has always been a challenging area, especially for beginners. Researchers have explored
multiple approaches over the years to make this process easier and interesting.

One of the earliest studies found that students who received one-on-one tutoring performed better than those in a
traditional classroom environment [10]. Since it is not practical for every student to get a personalised tutoring
from a human instructor our system provides Al-driven guidance to each learner using their performance and
behavioural data. This type of system helps student by guiding them in programming by giving step-by-step
feedback and breaking complex problems into smaller tasks, which helps reduce learning time and improve
retention [11]. Reinforcement Learning introduced an improved approach to learning systems, where Q-learning
allows an agent to learn optimal actions in different states through rewards and penalties based on the Bellman
equation [12]. While traditional Q-learning focused on optimising actions through rewards and penalties, our
work applies it specifically to programming education by dynamically adapting learning strategies according to
student progress. Researchers also applied Q-learning to grid-based and sequential decision-making tasks [13] ,
demonstrating its ability to learn optimal actions through repeated interactions. This supports the present work,
which uses a grid-world structure to guide students through Python learning tasks. While previous studies
showed that gamification elements like rewards and levels improved engagement and motivation, our work
combines these features with reinforcement learning to create adaptive learning paths for student’s progress. This
combination of machine learning and game-based learning environments can improve both the system
performance and the overall learning experience [14].

Recently, the rise of LLMs has created new possibilities for automated content generation in education. Rule
based approaches struggled to produce diverse questions, while neural language models were able to generate
more contextually relevant questions across different subjects and different levels [15] . Q-learning is an
effective approach for sequential decision making, but its applications to programming education remain limited.
Reinforcement learning in educational environments showed good results, though most systems lacked
structured grid world-based interaction connected to programming education. Al-based content generation
showed potential for creating coding problems, but it was used separately from reinforcement learning
environments [16]. As a result, there is only limited research on combining reinforcement learning, grid world
interaction, programming education, and Al-generated learning content. The proposed RL Python Tutor aims to
explore the integration of these elements within an interactive educational environment.

III. FRAMEWORK AND METHODOLOGY

The proposed system employs a interactive grid-based learning environment designed to teach Python
programming concepts through structured problem-solving. The environment consists of a 4x4 grid comprising
16 cells, where each problem is decomposed into 4—6 sequential subgoals. Learners must identify and select
these subgoals in the correct order to successfully complete a task.

A. Grid Environment and Interaction

Each cell in the grid represents a potential code statement or operation. When a learner clicks on a cell:
» If it is the correct subgoal (selected in the proper sequence) turns green, providing immediate positive visual
feedback.
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» If it is incorrect cell it turns red, applies a penalty, and displays explanatory feedback highlighting why the
choice was inefficient or incorrect.

The grid and the system is designed to include ‘trap’, i.e deliberate incorrect statements which may appear to be
the correct statements. This is to dissuade the students from guessing in a random way and to make each student
think in a logical way. Such a ‘trap’ also leads to the user in improving the concepts of a particular programming
approach. The system also deliberately makes the user to think in a sequential way by giving a lesser reward if
the user selects a cell out of order. The user is displayed a ‘Goal’ status upon completing all the sequential (sub
goals).

B. Learner Support Features

If the user (who is a beginner in programming) is unable to correctly choose the logical sequence of cells, the
system provides the user with a ‘Guide me’ option. This option provides the user with a subgoal which would
make the user think about the correct answer rather than completely making the answer directly visible to the
user.

C. Reward and State Systems

A Q-Learning based approach is used to generate rewards. Correct cells are initialized with higher Q-values
(0.7-1.0), while incorrect cells start lower (0.3—0.5). These values are dynamically updated based on user
interactions. The reward function is defined as:

R(s, a)=0.5xI[correct]—2.5xI[incorrect]—0.1

Where s is the state, a is the action taken (selecting a cell). The rewards are allotted as follows:

» +0.5 is awarded for selecting the correct cell in the proper sequence,

» -2.51is deducted for incorrect selections,

» -0.1 is a small per-step penalty applied to discourage random clicking.

The state (s) tracks the number of correctly completed subgoals in sequence, determining the current target
subgoal.

The Q-value for each cell is updated using the standard Q-learning formula

Q(s, a)—Q(s, ayta[R+tymax  a'Q(s’, a')~Q(s, a)]

Where:

a is the learning rate - controls the weight of new information versus past knowledge, y (discount factor)
determines the importance of future rewards, ( s') and ( a') represent the next state and possible action

D. Al-powered dynamic problem generation:

To overcome the limitations of static problem sets, the system integrates with a large language model namely
‘Groq’. We chose ‘Groq’ over other LLM models due to it’s free availability of API keys, unlike ChatGPT and
Grok where uses are expected to pay a certain amount. This enables on-demand generation of new Python
programming problems. Users can request a problem by selecting the “Generate” button and providing a topic or
problem name. The AI generates appropriate subgoals, places them correctly within the grid, ensures no
overlapping content, and randomizes cell positions on each reset. Generated problems are automatically added to
the problem menu, ensuring freshness and personalization. A pseudo code of the proposed solution is given
below:

Algorithm:

InteractiveGridLearning(problem_topic)

Input: Problem_topic (user-selected or Al-generated)

Output: Learning session with rewards and feedback

GenerateProblem(problem_topic) using Groq

Decompose into 4—6 ordered subgoals

Populate 4x4 grid with subgoals + traps (random positions)
Initialize Q-values for each cell

Set current_state = 0, total reward = 0

while current_state < number_of subgoals: do
Display grid and current target subgoal description
User selects cell (action a)

if cell is correct AND in sequential order then
Turn cell GREEN and total reward += 0.5
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Update Q(cell) using Q-learning formula

current_state «— current_state + 1

else

Flash cell RED and total reward -= 2.5

Show explanatory feedback / trap rationale

Apply step penalty -0.1 and Update Q(cell)

Update all Q-values based on new reward and next state
if user requests "Guide Me" then

Provide hint for current subgoal only

if current state == number_of subgoals then
Display final reward
Congratulate learner on completing the problem in correct order

IV. RESULT

In order to simulate the RL tool, we use Python with libraries such as sklearn, tkinter, json, numpy, ast, requests
etc. Given below is an example of a program using the RL tool. Here we showcase the grid having the program:
‘Change to uppercase and calculate the length of the string’. This cells in the grid has code snippets belonging to
the Python program of ‘Change to uppercase and calculate the length of the string’ as shown in Fig. 2. The
challenge for a beginner to programming is to click the cells in a sequential manner so as to complete the
program in a logical way. If the user clicks an incorrect cell, even if it is not in the correct sequence, the
corresponding cell will be highlighted in red colour as shown in the Fig. 3. If the user selects the cell in the
correct sequential order, each cell gets highlighted in Green as shown in the Fig. 4 below.

s = 'hello’ m  GoAL s = 'hello m  GOAL

s = s.Upper()  length = len(s) 1 = len(s) s = s.Upper()  length = len(s) 1 = len(s)

s = s.lower() s = s.lower()

s = s.upper() s = s.upper()

Figure. 1— String program Figure. 2— Incorrect selection

@ RL Python Tutor
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String Methods =

4 Generate (Groq)

s = s.Upper()  length = len(s) 1 = len(s) | & =Evaluate

pell 2
s = 'hello R e

= |

s = s.lower()

s = s.upper()

&

Figure. 3 — Sequentially correct selection  Figure. 4 — Working of reward system
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With each correct cell clicked by the user, a cumulative reward is displayed in the user interface. The reward
increases if the user clicks the correct cell else the reward decreases as shown in the Fig. 5 above. The ‘Guide
Me’ button, helps the user in providing ‘hints’ (one hint at a time). The performance of this RL tool is evaluated
on certain metrics to understand it’s effectiveness. We use the following three evaluation criteria: Sequential
order, Educational value, Overall effectiveness score. To check whether the generated problems make logical
sense, we created a sequential order validator. This tool takes the subgoals (small code steps) one by one and
joins them together. It then tests if the code still works correctly using Python’s built-in syntax checker. If upon
the addition of any code snippet breaks the code, then the score is reduced by 0.3. Such a process makes sure that
subgoals are correct by themselves and also they appear in the correct order. The educational value of each
generated problem was evaluated using a heuristic-based scoring function. The function analyses both individual
subgoals and the complete code by searching for key string-related programming concepts and methods (e.g.,
input(), .split(), .strip(), .upper(), len(), and f-strings). Each concept is assigned a predefined weight reflecting its
pedagogical importance for beginners.

The Overall effectiveness score is computed by a weighted average of two important factors:

Overall value =0.5xSequential Order+0.5xEducational Value

As this work is focused on beginner centric interactive learning, the scalar value 0.5 are the same for both the
factors to reflect equal importance given to logical correctness and pedagogical usefulness. The resulting score
ranges from 0.0 to 1.0, providing a single composite measure of educational effectiveness.

For a basic program of ‘Change to uppercase and calculate the length of the string’ the values of the metrics are:

TABLE I
Sequential order 100%
Educational value 91%
Overall score 94%

V. CONCLUSION AND FUTURE WORKS

This work provides a grid based interactive approach in understanding the logical flow of writing a program. The
interactive environment makes the user more interested in solving a problem or writing a program. We use RL to
showcase rewards achieved by the user after each selection of a cell. RL is very important as it helps to track the
sequential progress of the logical understanding of the user. The rewards increase if the selected cell is the
correct cell and the sequential order is maintained. The rewards decrease otherwise. We use Sequential order,
Educational value and Overall effectiveness metric to evaluate this approach. Future work will include further
refining of the program by collecting the user feedback per problem and customizing the work for each learner.
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