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Abstract: The rapid evolution of programming education demands intelligent platforms that adapt to 

individual learner needs. This paper presents an AI-Powered Coding and Competitive Practice Platform 

designed to revolutionize how students learn programming and prepare for competitive coding challenges. 

The system leverages machine learning algorithms to provide personalized problem recommendations, 

real-time code analysis, intelligent debugging assistance, and performance analytics. By integrating Large 

Language Models (LLMs) for code explanation and hint generation, along with collaborative filtering for 

problem sequencing, the platform creates an adaptive learning environment that accelerates skill 

development. The system features a web-based integrated development environment (IDE), automated code 

evaluation, plagiarism detection, and a competitive leaderboard system. Results indicate significant 

improvement in user coding proficiency, engagement metrics, and problem-solving efficiency compared to 

traditional learning platforms. The proposed system is scalable, cost-effective, and suitable for deployment 

in educational institutions and individual self-learning context. 
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I. INTRODUCTION 

The landscape of programming education has undergone significant transformation in the past decade, with an 

increasing number of students turning to online platforms to learn coding and prepare for competitive programming 

competitions. However, traditional coding platforms often adopt a one-size-fits-all approach, presenting the same set of 

problems to all users regardless of their skill level, learning pace, or areas of difficulty. This pedagogical limitation 

results in disengagement, frustration, and inefficient learning outcomes. 

Furthermore, the gap between theoretical programming knowledge and practical problem-solving ability remains a 

critical challenge. Students often struggle with debugging, understanding optimal approaches, and building the mental 

models necessary for competitive programming success. The absence of personalized guidance and intelligent feedback 

mechanisms in existing platforms exacerbates these challenges. 

This paper introduces an AI-Powered Coding and Competitive Practice Platform that addresses these limitations 

through the integration of artificial intelligence techniques. The proposed system creates a personalized learning 

journey for each user by: 

• Dynamically assessing user skill levels through initial and continuous evaluation 

• Recommending problems tailored to individual learning needs and goals 

• Providing intelligent hints and code explanations using Large Language Models 

• Analyzing code submissions for efficiency, style, and correctness 

• Generating adaptive learning paths based on performance patterns 

• Offering real-time debugging assistance and error classification 

• Enabling competitive practice through AI-matched peer challenges 
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The platform aims to bridge the gap between novice and expert programmers by creating an environment that mimics 

one- on-one tutoring at scale, ultimately fostering deeper understanding, faster skill acquisition, and improved 

performance in coding competitions 

  

II. LITERATURE SURVEY 

The integration of artificial intelligence into educational technology, particularly for programming instruction, has 

evolved through several phases. This section reviews significant contributions to the field and identifies gaps that 

motivate our proposed system. 

 

2.1 Early Online Judge Systems 

Early coding platforms focused primarily on automated code evaluation. LeetCode (2015) and HackerRank (2012) 

pioneered the online judge model, providing curated problem sets and automated test case validation. While these 

platforms enabled self-paced practice, they lacked personalization and offered generic problem recommendations based 

on tags rather than individual performance patterns. 

 

2.2 Intelligent Tutoring Systems 

Crow and Smith (2018) designed an intelligent tutoring platform for beginner programming courses that monitors 

learners’ misunderstandings and offers customized practice problems to address those difficulties. Their rule-based 

approach demonstrated improved learning outcomes but required extensive manual knowledge engineering and failed 

to scale across diverse programming concepts. 

 

2.3 Machine Learning for Problem Recommendation 

Kumar and Sharma (2020) utilized collaborative filtering methods to suggest coding problems by analyzing similarities 

between users and their learning patterns. This approach helps recommend exercises that align with a learner’s abilities 

and interests. Using historical submission data from thousands of users, their system achieved 72% accuracy in 

predicting problems that users would attempt. However, the approach did not consider real-time performance or 

concept mastery. 

 

2.4 Code Analysis and Automated Feedback 

Patel et al. (2021) developed a neural network-based system for classifying common programming errors in Python 

submissions. Their model achieved 85% accuracy in identifying error types but was limited to syntax errors and did not 

address logical errors or algorithmic inefficiency. 

 

2.5 Large Language Models in Programming Education 

The latest breakthroughs in Large Language Models are creating innovative pathways across diverse fields.. Chen et al. 

(2023) demonstrated that GPT-based models could generate human-like code explanations and provide contextual 

hints. Their study showed that students receiving AI-generated hints solved problems 40% faster than those using 

traditional documentation alone. 

 

2.6 Adaptive Learning Paths 

Rodriguez and Lee (2022) introduced a reinforcement learning–based approach that adapts the difficulty level of 

problems according to a learner’s performance. In their method, student knowledge is represented using a probabilistic 

graph model, which helps the system choose questions that maximize learning improvement. Experimental simulations 

demonstrated that this adaptive strategy leads to better knowledge retention than traditional fixed curriculum methods.  
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2.7 Gamification and Engagement 

Wang et al. (2022) studied the impact of gamification elements on learner engagement in coding platforms. Their 

findings indicated that personalized leaderboards and achievement systems increased weekly active usage by 35%, but 

emphasized that gamification must be coupled with meaningful learning progression. 

 

2.8 Research Gap Analysis 

The literature reveals significant advancements in individual components—automated evaluation, recommendation 

systems, code analysis, and AI-generated hints—but no integrated platform combines these elements into a cohesive 

learning ecosystem. Existing systems operate in silos: recommendation engines work offline, code analyzers focus on 

surface-level errors, and learning paths remain static. Furthermore, few platforms leverage real-time user performance 

data to dynamically adapt difficulty and content. This gap motivates the development of our integrated AI-Powered 

Coding Platform 

 

III. PROBLEM OF STATEMENT 

The growing demand for programming skills and competitive coding proficiency has led to an explosion of online 

learning platforms. However, despite technological advancements, significant pedagogical challenges persist in 

programming education: 

 

3.1 Lack of Personalization 

Most coding platforms present a static repository of problems categorized only by difficulty level (easy, medium, hard) 

or topic tags. This coarse-grained classification fails to account for the nuanced skill development needs of individual 

learners. Two users at the same perceived difficulty level may have entirely different knowledge gaps, learning paces, 

and preferred problem-solving approaches. The absence of dynamic difficulty adjustment leads to either overwhelming 

challenges that discourage beginners or trivial problems that fail to engage advanced learners. 

 

3.2 Inadequate Feedback Mechanisms 

When users submit incorrect solutions, traditional platforms typically provide only test case failure messages (e.g., 

"Wrong Answer" or "Time Limit Exceeded"). This binary feedback offers no insight into why the solution failed or 

how to improve it. Learners are left to debug independently without guidance, often spending hours on simple logical 

errors or inefficient approaches. The lack of intelligent hint systems and error explanations hampers the learning 

process and reinforces negative coding habits. 

 

3.3 One-Size-Fits-All Learning Paths 

Existing platforms rarely adapt their problem sequences based on user performance. A user struggling with dynamic 

programming concepts continues to receive unrelated problems, while another user mastering arrays receives no 

progression to advanced topics. This rigid structure ignores the interconnected nature of programming concepts and 

fails to optimize learning trajectories. 

 

3.4 Limited Competitive Practice Integration 

While many platforms offer competitive programming contests, they lack intelligent matchmaking systems that pair 

users of similar skill levels for practice. Beginners are often pitted against experienced coders, resulting in 

discouragement, while advanced users find limited challenging peers. The absence of AI-matched practice sessions 

reduces the effectiveness of competitive learning. 
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3.5 Inefficient Skill Assessment 

Current platforms assess skill primarily through problem completion counts and contest ratings. These metrics fail to 

provide granular insights into specific strengths and weaknesses across algorithmic concepts, data structures, and 

problem-solving strategies. Users receive no comprehensive skill profile to guide their learning focus. 

 

3.6 Scalability of Human-Like Tutoring 

One-on-one tutoring remains the gold standard for programming education, with personalized guidance, immediate 

feedback, and adaptive instruction. However, human tutoring does not scale to the millions of learners seeking 

programming skills. There is an urgent need for AI systems that can emulate this personalized tutoring experience at 

scale. 

  

3.7 Objective 

This project aims to address these multifaceted challenges by designing and developing an AI-Powered Coding and 

Competitive Practice Platform that: 

• Creates personalized learning paths through continuous skill assessment 

• Provides intelligent, contextual hints and code explanations 

• Offers real-time code analysis and debugging assistance 

• Implements AI-based peer matching for competitive practice 

• Generates comprehensive skill profiles and learning recommendations 

• Scales personalized programming instruction to large user bases 

  

IV. EXISTING PROBLEM 

Current coding platforms, while valuable, exhibit fundamental limitations that our proposed system addresses: 

 

4.1 LeetCode 

• Strengths: Extensive problem library, robust online judge, active community 

• Limitations: Generic problem recommendations, no intelligent hint system, static difficulty levels, limited feedback 

on incorrect submissions, no adaptive learning paths 

 

4.2 HackerRank 

• Strengths: Skill-based tracks, company-specific preparation, basic analytics 

• Limitations: Minimal personalization, feedback limited to test cases, no AI-generated explanations, rigid curriculum 

progression 

 

4.3 Codeforces 

• Strengths: Strong competitive programming focus, regular contests, rating system 

• Limitations: Overwhelming for beginners, no structured learning paths, lack of intelligent guidance, no personalized 

recommendations 

 

4.4 GeeksforGeeks 

• Strengths: Comprehensive articles and problem sets, concept explanations 

• Limitations: Disconnected learning resources, no integrated practice environment, absence of performance tracking, 

no AI assistance 
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4.5 Codecademy 

• Strengths: Interactive lessons, structured curriculum, immediate feedback in guided exercises 

• Limitations: Limited depth for competitive programming, minimal algorithm focus, no adaptive difficulty, restricted 

to beginner levels 

  

V. PROPOSED SYSTEM 
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System Workflow 

Step-by-step explanation : 

STEP 1: User Registration & Onboarding 

• New user creates account with programming background information 

• System conducts initial skill assessment through diagnostic test 

• User selects learning goals (e.g., competitive programming, interview prep, language mastery) 

• Platform generates initial skill profile and learning path 

 

STEP 2: Dashboard Loading 

• User logs in to personalized dashboard 

• System displays skill heatmap (concept mastery visualization) 

• Shows recommended problems based on skill profile 

• Displays upcoming contests and peer challenge invitations 

 

STEP 3: Problem Selection 

User chooses from: 

• AI Recommendations: Problems tailored to current skill level and learning goals 

• Topic Explorer: Browse by algorithm/data structure category 

• Contest Problems: Past competition problems with AI assistance 

• Peer Challenges: Problems suggested based on matched peers' activity 

 

STEP 4: Coding Interface 

• User accesses web-based IDE with problem statement and examples 

• System provides optional starter code and test cases 

• Real-time syntax checking and basic error highlighting 

• Option to request AI hints (progressive hint levels) 

 

STEP 5: Code Submission 

• User submits solution for evaluation 

• System compiles and executes code in isolated container 

• Runs against hidden test cases (not visible to user) 

• Captures execution time, memory usage, and output 

 

STEP 6: AI Code Analysis 

• If Correct: 

o Analyzes code efficiency compared to optimal solution 

o Provides style recommendations 

o Suggests alternative approaches (recursive, iterative, optimized) 

o Updates user skill profile with positive reinforcement 

• If Incorrect: 

o Classifies error type using ML model 

o Generates contextual hint based on error and user code 

o Identifies specific line numbers with issues when possible 

o Provides learning resources related to the concept 
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STEP 7: Hint & Explanation Generation 

• User can request progressive hints: 

o Hint 1: Conceptual direction (e.g., "Consider using dynamic programming") 

o Hint 2: Approach outline (e.g., "Define dp[i] as minimum cost to reach step i") 

o Hint 3: Pseudo-code or key insights 

• LLM generates explanations tailored to user's current code  

 

STEP 8: Skill Profile Update 

• Bayesian Knowledge Tracing updates concept mastery probabilities 

• Performance metrics recorded: time taken, attempts, hints used 

• System identifies learning patterns (e.g., struggles with recursion) 

• Updates recommendation weights for future problem selection 

 

STEP 9: Peer Matching (Optional) 

• User can request practice challenge with similar-skill peer 

• AI matchmaking algorithm pairs users based on: 

o Overall skill rating 

o Topic-specific strengths 

o Problem preferences 

o Availability 

• System generates shared problem or head-to-head contest 

 

STEP 10: Progress Tracking & Reporting 

• Weekly progress reports generated automatically 

• Visual analytics showing improvement areas 

• Comparison with anonymized peer group 

• Personalized practice plan for upcoming week 

 

STEP 11: Leaderboard Updates 

• Performance scores updated based on: 

o Problems solved (weighted by difficulty) 

o Solution efficiency 

o Clean code metrics 

o Contest performance 

• Topic-specific leaderboards for specialized recognition 

 

STEP 12: Continuous Learning Loop 

• System collects interaction data for model improvement 

• A/B testing of recommendation algorithms 

• Periodic recalibration of user skill models 

• Addition of new problems and AI training data 

  

VI. CONCLUSION 

The AI-Powered Coding and Competitive Practice Platform successfully demonstrates the transformative potential of 

integrating artificial intelligence into programming education. Instead of relying on a uniform learning model used in 
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many traditional platforms, the system delivers a personalized learning experience that adjusts according to each 

learner’s skill level, learning behavior, and objectives. 

 

Key achievements include: 

1. Personalized Learning Paths: The adaptive learning engine dynamically adjusts problem difficulty and sequencing 

based on continuous skill assessment, ensuring users consistently work at their optimal challenge level. 

2. Intelligent Feedback: The combination of error classification, efficiency analysis, and LLM-generated hints provides 

contextual guidance that mimics one-on-one tutoring, significantly reducing debugging time and improving learning 

outcomes. 

3. AI-Powered Recommendations: Collaborative filtering and content-based recommendation algorithms successfully 

predict problems that align with user interests and skill gaps, increasing engagement and learning efficiency. 

4. Peer Matching: AI-based matchmaking creates productive competitive practice environments where users are 

appropriately challenged by similarly skilled peers. 

5. Comprehensive Analytics: Detailed skill profiling and progress visualization empower users to understand their 

strengths and weaknesses, enabling targeted practice. 

The experimental results validate the system's effectiveness, with experimental group users demonstrating 77% higher 

problem-solving rates, 34% faster completion times, and 36% higher retention compared to traditional platformsUser 

responses were highly positive regarding the personalization features, intelligent hints, and detailed error analysis, 

indicating that AI-driven functionalities effectively tackle common challenges faced in programming education. 

The system is scalable, cost-effective, and designed for deployment in educational institutions, coding bootcamps, and 

individual self-learning contexts By narrowing the divide between conventional learning platforms and personalized 

tutoring, this study aims to make effective and high-quality programming education available to a wider range of 

learners. 
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VIII. OUTPUT 
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