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Abstract—Programming education for beginners often suffers
from rigid curricula, limited visualization, and a lack of personal-
ized feedback, resulting in poor conceptual understanding and
high dropout rates. This paper presents an Al-Enhanced Progres-
sive Programming Tutor, a web-based learning platform that de-
livers adaptive instruction, real-time feedback, and interactive vis-
ualizations to support novice programmers.

The proposed system integrates an adaptive learning engine
that tracks learner progress and understanding levels, a visual
code execution and debugging environment, and an intelligent
conversational assistant. The platform provides a structured de-
fault curriculum while enabling on-demand generation of person-
alized instructional content based on individual learner needs. By
dynamically adjusting content difficulty, pedagogy, and explana-
tions using learner analytics, the system emphasizes concept-
driven learning over rote memorization.

The proposed approach aims to bridge the theory—practice
gap in programming education, improve learner engagement, and
strengthen foundational programming skills. The paper outlines
the system architecture, learning workflow Models’ knowledge
decays over time, and experimental evaluation strategy, demon-
strating the educational potential of combining artificial intelli-
gence with modern programming pedagogy.

Keywords—artificial intelligence, programming education,
adaptive learning, intelligent tutoring systems, code visualization.

I. INTRODUCTION

Programming has become a foundational skill across
multiple disciplines; however, learning to program remains
challenging for beginners. Traditional programming educa-
tion often emphasizes syntax and memorization, while ne-
glecting conceptual clarity and problem-solving skills. As a
result, learners struggle with abstract concepts such as con-
trol flow, memory management, and debugging. These
challenges contribute to high attrition rates in computer sci-
ence education and discourage potential learners.
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Recent advances in artificial intelligence and educational
technology provide an opportunity to redesign program-
ming education. Intelligent tutoring systems and adaptive
learning platforms can personalize instruction, provide im-
mediate feedback, and accommodate diverse learning
styles. However, many existing platforms offer static learn-
ing paths, limited visualization, or generic assistance that
fails to address individual learner needs.

This paper makes the following key contributions:

1. A Bayesian Knowledge Tracing-based adaptive
learning model for concept-level knowledge track-
ing.

2. Integration of a forgetting curve to model

knowledge decay and improve long-term reten-
tion.

3. An Al-driven personalized remediation system
that generates lessons from learner mistakes.

4. A multi-modal learning framework combining
concept learning, query-based interaction, and pro-
ject-based learning.

5. A dynamically adaptive learning path based on
learner performance and mastery levels.

To the best of our knowledge, this is one of the first sys-
tems to integrate probabilistic knowledge tracing, cognitive
decay modelling, and Al-based tutoring in a unified pro-
gramming education platform.

Il. PROBLEM STATEMENT

Despite the availability of numerous online program-
ming courses and tools, there is a lack of integrated plat-
forms that offer adaptive learning, conceptual visualization,
and personalized feedback simultaneously. EXxisting sys-
tems often adopt a one-size-fits-all approach, which does
not account for variations in learner pace, prior knowledge,
or cognitive style.
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This limitation results in weak foundational understand-
ing, learner frustration, and reduced confidence. The ab-
sence of real-time visualization tools further compounds the
problem, as beginners find it difficult to mentally simulate
code execution and debug effectively. Addressing these is-
sues is critical to improving programming literacy and de-
veloping a skilled workforce capable of meeting the de-
mands of the growing technology sector.

I1l. RELATED WORK AND EXISTING SYSTEMS

A. Traditional Programming Learning Platforms

Early programming learning platforms primarily fo-
cused on delivering static educational content such as text-
based tutorials, recorded lectures, and predefined coding ex-
ercises. These systems provided learners with foundational
knowledge and practice opportunities but lacked interactiv-
ity and personalization. Most platforms followed a fixed
curriculum, where all learners progressed through the same
sequence of topics regardless of their prior knowledge or
learning pace.

While these systems were effective for content delivery,
they placed a significant cognitive burden on beginners,
who often struggled to understand abstract concepts like
control flow and memory management without guided sup-
port. Additionally, the absence of real-time feedback and
conceptual visualization limited learners’ ability to debug
and comprehend program behaviour effectively.

B. Rule-Based and Structured Programming Tutors

To improve learning outcomes, rule-based program-
ming tutors were introduced, offering structured guidance
and automated feedback. These systems evaluate user code
based on predefined rules, test cases, and expected outputs,
providing hints or corrections when errors occur. Many plat-
forms also incorporate step-by-step problem-solving ap-
proaches and predefined learning paths.

Although these systems introduce a level of interactivity
and structured learning, they remain inherently rigid. Feed-
back is often limited to syntax or output correctness rather
than deeper conceptual understanding. When learners devi-
ate from expected solution patterns, the systems may fail to
provide meaningful guidance. Furthermore, these tutors typ-
ically do not adapt dynamically to individual learning styles
or progress, resulting in a one-size-fits-all learning experi-
ence.

C. Intelligent and Al-Based Programming Education
Systems

Recent advancements in artificial intelligence have led to
the development of intelligent programming education sys-
tems that offer personalized learning experiences. These
systems leverage machine learning, natural language pro-
cessing, and learner analytics to provide adaptive content,
automated feedback, and conversational Al assistance.
Tools such as code visualization platforms and Al-powered
assistants help learners understand program execution, de-
bug errors, and receive on-demand explanations.

Despite these improvements, many existing Al-based sys-
tems focus on isolated features such as code generation,
chatbot assistance, or visualization tools, rather than
providing a fully integrated learning environment. Addi-
tionally, some systems risk over-reliance on Al-generated
solutions, which may hinder active learning and problem-

solving skills. Real-time adaptation to learner behaviour
and seamless integration of multiple pedagogical strategies
remain key challenges in current solutions.

D. Summary of Limitations in Existing Systems

From the above analysis, it is evident that existing systems
suffer from the following limitations:
e Lack of integration between personalization, vis-
ualization, and intelligent assistance.
e Limited adaptability to individual learner pace and
understanding.
o Insufficient support for conceptual learning and
debugging skills.
e  Over-reliance on static content or isolated Al fea-
tures.
These limitations highlight the need for a unified sys-
tem that combines adaptive learning, real-time visuali-
zation, and intelligent guidance, which is addressed by
the proposed Al-Enhanced Progressive Programming .

IV. NOVEL CONTRIBUTION AND
APPROACH

The proposed Al-Enhanced Progressive Programming Tu-
tor introduces several novel contributions beyond existing
systems:

PROPOSED

« Bayesian Knowledge Tracing-Based Personalization:
The system models learner knowledge using probabilistic
BKT instead of static scoring.

*Concept-Level Knowledge Tracking:
Tracks mastery per concept rather than overall perfor-
mance.

« Forgetting Curve Integration:
Model knowledge decays over time and requires revision.

« Al-Driven Personalized Remediation:
Generates lessons based on user mistakes instead of ge-
neric feedback.

* Multi-Modal Learning System:
Includes Concept Mode, Query Mode, and Project Mode.

 Adaptive Learning Path:
Dynamically reorders topics based on learner perfor-
mance.

V. SYSTEM ARCHITECTURE AND METHODOLOGY

The Al-Enhanced Progressive Programming Tu-
tor consists of four core components: an adaptive learning
engine, a visual code execution environment, an intelligent
chatbot assistant, and a learner analytics dashboard. The
adaptive learning engine analyzes learner interactions, per-
formance metrics, and progression patterns to dynamically
adjust lesson content, difficulty level, and instructional
strategy. The visual execution environment allows learners
to step through code line by line, observing variable
changes and memory allocation in real time. The chatbot
assistant provides contextual hints and explanations with-
out revealing complete solutions, promoting active learn-
ing. The analytics dashboard presents progress reports and

identifies areas requiring additional practice. Learner
knowledge is updated using Bayesian Knowledge Tracing
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as follows:

P(K; 1)(1 *pslip)
(Kt 1)(1 7psl-ip) + (1 - P(Kt 1))pgucss

P(K,|Correct) = 2

where P(Kt) represents the probability that the learner has
mastered the concept at time t.

A. Adaptive Learning Engine

The adaptive engine maintains a learner model captur-
ing current proficiency, misconceptions, and engagement
indicators. Based on this model, it selects appropriate prob-
lems, explanations, and pedagogical approaches, such as
visual, inquiry-based, or concept-first explanations. Rule-
based and data-driven strategies can be combined to renew
recommendations as more learner data is collected.

B. Intelligent Chatbot Assistant

The chatbot assistant, powered by natural language un-
derstanding and generation, allows learners to ask ques-
tions in plain language about code behavior, error mes-
sages, and concepts. It offers hints, explanations, and anal-
ogies while avoiding direct provision of complete solu-
tions, encouraging productive struggle and self-explana-
tion. The assistant can also escalate complex issues to hu-
man instructors by generating summaries of the learner's
difficulties and interaction history.

C. Learner Analytics Dashboard

The analytics dashboard aggregates performance data,
time-on-task, hint usage, and visualization interactions to
provide insights for both learners and instructors. Learners
can monitor their progress, identify weak topics, and plan
targeted practice. Instructors can use aggregated analytics
to detect risk, and evaluate the effectiveness of specific
activities.

VI. RESULTS AND DISCUSSION

Preliminary evaluations indicate that learners using
adaptive and visualization-supported instruction demon-
strate improved conceptual understanding and debugging
ability compared to traditional learning methods. Personal-
ized feedback and visual execution reduce cognitive load
and help learners build mental models of program behavior.
The integration of Al-driven assistance further enhances
learner confidence and engagement. The system's web-
based architecture ensures accessibility and scalability,
making it suitable for academic institutions, self-learners,
and career switchers. The results suggest that combining Al
with pedagogically sound design principles can signifi-
cantly enhance programming education.

VII. EXPERIMENTAL SETUP AND EVALUATION

A preliminary experimental setup is designed to evaluate
the effectiveness of the proposed Al-Enhanced Progressive
Programming Tutor in improving conceptual understand-
ing and learner engagement. The experiment targets under-
graduate students and beginners with limited prior pro-
gramming experience.

Participants are divided into two groups. The control group
follows a traditional learning approach using static tutorials

and standard coding exercises, while the experimental
group uses the proposed platform with adaptive learning,
visualization, and Al-assisted guidance enabled. Both
groups are provided with identical learning objectives and
assessment tasks. The evaluation focuses on multiple met-
rics, including pre-test and post-test scores, task completion
time, debugging accuracy, and learner engagement levels.

Conceptual understanding is measured using problem-solv-
ing questions that require an explanation of code behavior
rather than syntax recall. Learner interaction data, such as
hint usage, visualization interaction, and progress con-
sistency, are also analyzed. The experimental duration
spans multiple learning sessions covering fundamental pro-
gramming concepts such as variables, control flow, and
functions. Comparative analysis of results is used to assess
improvements in learning outcomes, conceptual clarity,
and learner confidence.

Feature Tradi- Rule- Al Sys- | Proposed
tional Based @ tems System
Personaliza- No No Limited BKT-
tion based
Visualization No No yes yes
Real-time No No Limited yes
Adaptation
Forgetting No No No yes
Model
Concept No No Limited yes
Tracking

VIII.SOCIAL AND ENVIRONMENTAL IMPACT

The proposed platform democratizes access to quality pro-
gramming education by providing an affordable, accessi-
ble, and self-paced learning environment. It supports di-
verse learner populations, including students from under-
served communities. As a digital solution, the system min-
imizes the use of physical resources and supports remote
learning, contributing to reduced environmental impact.

IX. CONCLUSION AND FUTURE WORK

This paper presented an Al-Enhanced Progressive Pro-
gramming Tutor designed to address key challenges in pro-
gramming education. By integrating adaptive learning,
real-time visualization, and intelligent assistance, the plat-
form promotes deep conceptual understanding and person-
alized learning experiences. Future work includes large-
scale empirical evaluation, support for multiple program-
ming languages, enhanced learning analytics, and integra-
tion of advanced generative Al models for richer instruc-
tional support.
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