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ABSTRACT: The integration of specialized artificial intelligence (AI) in the educational sector has redefined the
boundaries of personalized learning. This research introduces BEECode, a comprehensive Al-driven platform tailored
for novice Java programmers to bridge the pedagogical gap between technical failure and mastery of logic. BEECode
offers students an organized customized educational program which includes its intelligent automated debugging tool.
The system solves the "cryptic feedback" issue through its multi-layered Socratic hinting engine which helps students
find their errors without giving them direct answers. BEECode uses its FastAPI backend and React frontend with
Docker-based execution sandbox to provide complete security for untrusted code which enables quick system response
times. The research which included more than 100 participants and used 56 Java challenges as research material
showed that the platform increases students' debugging speed and their understanding of concepts together with their
total technical skills. The research presents a scalable architecture which enables secure intelligent adaptive
programming education through its development of Al-powered laboratory environments.

KEYWORDS: Artificial Intelligence in Education, Personalized Learning, Java Debugging, Socratic Hinting, Docker
Sandboxing, Learning Path Generation, FastAPI, React.js.

I. INTRODUCTION

Modern software engineering education faces a crisis of scale, particularly in the context of foundational programming
languages such as Java [1]. As Java remains the cornerstone of enterprise-grade software development and academic
curricula worldwide, the ratio of students to qualified teaching assistants has widened significantly, leading to a critical
"feedback bottleneck." In traditional laboratory environments, students often spend a disproportionate amount of time
struggling with syntax errors and runtime exceptions such as NullPointerExceptions without the immediate, nuanced
guidance necessary to turn these failures into learning opportunities. The practical laboratory sessions face restrictions
from their logistical requirements and the limited working times of their personnel.

The students must practice their skills in isolated locations which leads to frustration and loss of confidence in their
logical reasoning abilities. The developers of BEECode work to eliminate this particular problem through their
automated system which integrates educational research with its teaching methods.

The current landscape of software development education needs educational programs which can actively adapt to their
requirements. Students today face difficulties because they need to manage both extensive information and intricate
features which modern IDEs introduce, making it hard to understand programming fundamentals. BEECode solves this
problem by removing unnecessary details to show essential coding logic while it delivers continuous mentorship
through its 24/7 accessible mentor system. The ongoing support system establishes "conceptual resilience" which
enables people to complete their technical tasks while developing their ability to create logical solutions. The platform's
ability to provide high-quality localized feedback reduces the need for constant human intervention which enables
instructors to concentrate on advanced architectural concepts during their restricted lab time.

Existing automated grading systems and coding platforms, while excellent for competitive evaluation, are
fundamentally evaluative rather than pedagogical in nature [2]. Platforms such as LeetCode or HackerRank provide
binary feedback—success or failure—but rarely assist the student in understanding the underlying conceptual flaws in
their code. This absence of guidance fosters a counter-productive trial-and-error approach where students blindly
modify code until it passes test cases, a habit that severely undermines the development of deep structural reasoning
and algorithmic thinking. Furthermore, educational institutions often lack the specialized infrastructure to securely
execute untrusted code at scale, posing significant risks of resource exhaustion or malicious system interference on
shared servers. BEECode addresses these infrastructure and guidance challenges simultaneously, providing both the
security and the pedagogical depth required for modern engineering labs.

To address these multi-faceted challenges, we propose BEECode, a unified intelligence platform that transforms the
debugging process into a conversational, Socratic learning experience. Based on our knowledge of educational
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psychology, specifically Vygotsky's Zone of Proximal Development (ZPD), we have designed a system that adjusts the
complexity of its feedback based on the student's personal history and the specific context of their error. BEECode
solves the security challenge by utilizing Docker containerization, ensuring every submission runs in a clean,
ephemeral environment. Our implementation integrates these solutions into a cohesive user interface that bridges the
gap between basic syntax mastery and advanced problem-solving, creating a unique "Learning Path" pipeline that is
both secure and scalable.

The primary contributions of this research are: (i) the design of a multi-tier Socratic hinting engine that combines cost-
effective local heuristics with LLM-based semantic analysis; (ii) the implementation of a secure, multi-user execution
framework that guarantees 100% resource isolation via containerized sandboxes; and (iii) the development of a
persistent "Code History" analysis tool that allows instructors to identify systematic logical trends within their student
cohorts. Unlike traditional tools, BEECode emphasizes the "process" of coding by maintaining a complete history of
every submission, allowing students to reflect on their own logical evolution and allowing instructors to pinpoint
precisely where students falter. This paper provides a comprehensive breakdown of the system architecture, its
pedagogical underpinnings, and its effectiveness in a real-world academic setting, spanning over 100 learners and over
5000 unique code submissions.

II. PEDAGOGICAL FOUNDATION

BEECode is built upon established theories of educational psychology, ensuring that the Al assistance does not lead to
"learned helplessness" but rather self-correction and mastery.

A. Zone of Proximal Development (ZPD)

Vygotsky's ZPD defines the cognitive range between what a learner can do independently and what they can achieve
with guidance. BEECode targets this range by providing hints that are just sufficient to push the student toward the
solution without crossing the line into direct answer disclosure. This scaffolding approach ensures that the "struggle"
remains productive, encouraging the student to bridge the gap through their own cognitive effort. By dynamically
adjusting the level of granularity in its feedback, BEECode ensures that the student remains in a state of flow, avoiding
both extreme boredom and overwhelming frustration [3]. The system monitors the adaptive feedback loop to track
student progress which shows when students reach sufficient competence to start their independent problem-solving
work that requires them to use standard compiler output for error identification and resolution.

B. Cognitive Load Theory in Interface Design

Our teaching methods require us to reduce cognitive load as a fundamental element of our instructional methods.
Sweller's Cognitive Load Theory explains that learning stops when the "working memory" becomes overloaded with
unnecessary content. BEECode's interface is designed specifically to minimize this load by integrating hints, logs, and
code in a single, unified view. The system prevents students from experiencing "split-attention effect", which typically
occurs in standard educational settings that require students to alternate between using an IDE and a web browser for
documentation and a console to monitor logs. BEECode enables students to focus exclusively on problem-solving since
it displays all necessary information within their immediate viewing range of their code.

C. The Socratic Method in AI Tutoring

The Socratic method involves asking leading questions that challenge the student's logic rather than providing
corrections. In BEECode, the Al is prompted to act as a mentor. If a student makes an off-by-one error in a loop, the
engine might ask, "If your array has 5 elements, what is the value of the index i during the very last iteration of your
loop?" This encourages the student to mentally trace their code, a vital skill in professional software development. This
conversational approach mimics a human tutor's ability to identify the root cause of an error and lead the student
toward its discovery through a series of logical steps, thereby fostering a deeper and more durable understanding of
Java syntax and semantics [4]. Furthermore, the Socratic approach encourages critical thinking and self-reflection,
skills that are cross-applicable beyond simple Java debugging tasks and are essential for technical professionalism.

III. LITERATURE SURVEY
The evolution of automated programming assistance (APA) has progressed through several distinct technical
generations. Initial efforts focused on static analysis and unit testing to provide validation [5]. Early systems like Web-

CAT and AutoGrader introduced the concept of automated evaluation but were often criticized for providing "harsh" or
cryptic feedback that discouraged novice learners rather than helping them. These systems could validate the
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correctness of a submission but lacked the semantic understanding to explain the logic behind a failure, often providing
no path for student improvement.

The second generation (2010s) moved toward containerization and cloud-based execution, acknowledging the critical
need for security when executing untrusted code on shared infrastructure [6]. This era saw the rise of platforms like
Repl.it and Glitch, which provided IDE-like experiences in the browser. However, while these tools improved
accessibility, they still lacked the intelligence to act as a pedagogical assistant. Most feedback remained limited to raw
compiler logs, which are notoriously difficult for beginners to interpret, especially when dealing with complex Java
stack traces or linker errors.

The third and current generation (2020—present) utilizes Large Language Models (LLMs) to provide contextual,
human-like feedback. Recent studies have shown that systems leveraging models like GPT-4 or Google Gemini can
explain complex logical errors in simple, encouraging terms [7]. However, a major risk identified in current literature is
"answer disclosure," where the Al provides the corrected code directly, thereby bypassing the student's learning process
and encouraging academic dishonesty [8]. Our work specifically addresses this by implementing a "Socratic
Constraint" within the prompt engineering of the BEECode engine, ensuring that the Al guides the student through
questions and metaphors rather than doing the work for them. This creates a sustainable learning model where the Al
serves as a catalyst for human cognition rather than a replacement for it.

IV. SYSTEM ARCHITECTURE AND DESIGN

The BEECode platform follows a modernized N-tier architecture, emphasizing the decoupling of the intelligence layer
from the execution infrastructure to ensure scalability.

[Figure 1: BEECode Unified System Architecture]

Figure 1: BEECode Unified System Architecture illustrating the interaction between the Presentation, Orchestration,
and Infrastructure layers.

A. Presentation Layer: High-Fidelity Workspace

The frontend interface is a React.js application that provides a localized, IDE-like experience. We integrated the
Monaco Editor due to its robust support for Java syntax and real-time error highlighting. The UI is designed with a
focus on cognitive load reduction, employing a tabbed interface that separates error logs, program output, and Al-
generated hints. A unique "Persistence Module" ensures that students can resume their work from any device, with all
code drafts being saved asynchronously to the backend using a specialized state-buffering logic that prevents data loss
during intermittent network connectivity.

[Figure 2: BEECode Platform Home Page and Student Dashboard]
Figure 2: BEECode Platform Home Page and Student Dashboard Interface, featuring dark and light mode optimization
and real-time progress tracking.

B. Orchestration Layer: FastAPI Controller

The backend is a high-performance FastAPI server. Its asynchronous nature allows it to handle hundreds of concurrent
code submissions without a corresponding increase in latency. This layer manages JWT-based authentication, routes
data to the execution sandbox, and orchestrates the dual-feedback mechanism. It also serves as the gatekeeper for the
database, ensuring all code submissions are hashed and stored for historical analysis and educational auditing. The
orchestration layer also includes a specialized "Rate Limiter" and "Queue Manager" to prevent LLM API saturation
during high-demand periods such as final exam weeks.

C. Execution Layer: Virtualized Docker Sandbox

To ensure total isolation, BEECode performs all code execution within ephemeral Docker containers. This ensures that
untrusted student code is 100% isolated from the host operating system, preventing any form of malicious system
interference or resource exhaustion. Each container is restricted via Linux kernel cgroups and namespaces. Our
implementation uses a highly optimized Alpine-based OpenJDK image, which keeps the image size under 150MB,
allowing for rapid container startup times and minimal host memory footprint.

D. Database Schema and Persistence

BEECode manages a complex relational model to track student progress and submission history. Table I outlines the
primary entity-relationship attributes. This schema allows for multi-dimensional performance analysis, such as tracking
how a student's MTTR (Mean Time to Resolve) improves over the course of a semester across different problem topics.
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Table I: Database Schema Entities and Attributes

Entity Primary Attributes Purpose

Users ID, Name, Email, Hash Profile and security management.
Problems ID, Title, Level, Description Curated problem library.
Submissions ID, UserID, Source, Time Granular tracking of all attempts.
Explanations ID, SublD, HintBody, Type History of Al interaction.

V. TECHNICAL IMPLEMENTATION
The implementation of BEECode leverages modern asynchronous programming models to ensure responsiveness.

A. The Socratic Hint Engine

The hint engine is the pedagogical nucleus of the system. It uses a cascading logic to minimize latency and costs.
Common syntax errors are detected by an optimized heuristic layer utilizing advanced regular expressions (regex). This
layer identifies missing semicolons, unbalanced braces, and illegal character usage with O(n) complexity. Specifically,
the engine uses a look-ahead regex pattern to distinguish between a missing closing brace in a class versus a method,
providing immediate, localized feedback without the overhead of an LLM query. This heuristic layer serves as the first
line of defense, intercepting roughly 45% of novice errors instantly.

For complex logical flaws—such as incorrect recursive base cases, deadlocks, or inefficient data structure selection—
the system initiates the second tier of the cascade: the Google Gemini Pro API. This layer is governed by a strict
"System Prompt Engineering" protocol that enforces Socratic constraints. The system prompt instructs the model to
"never provide the corrected code snippet" and instead "provide a metaphor or a leading question that forces the student
to trace their logic." The API response is parsed for pedagogical compliance iteratively; if the model inadvertently
suggests a solution, a local filter redacts the code block before it reaches the student. This hybrid approach ensures the
system is both fast and deeply intelligent while maintaining strict pedagogical integrity.

B. Secure Sandbox Implementation

Each compilation and runtime process is wrapped in a Python-managed Docker lifecycle. We implemented a
"Container Warm-Pool" where a set of pre-initialized containers are kept in a paused state, reducing the startup latency
by 85% compared to standard container creation. Every student submission is assigned a unique, ephemeral UUID
which is used to create a temporary directory on the host. This directory is then mounted as a read-only volume into the
Docker container. This "Temporary Volume Binding" ensures that even if a student attempts to overwrite system files,
the changes are confined to the ephemeral mount and destroyed immediately after execution. Furthermore, the sandbox
includes a "Watchdog Timer" that terminates any process exceeding a 5-second execution limit, protecting the system
against infinite loops or resource-heavy calls. To prevent networking-based attacks, the containers are launched with
the '--network none' flag, completely isolating the student code from the public internet and the internal laboratory
network. We also restricted the process limit within each container to 50 threads via the '--pids-limit' flag, neutralizing
the threat of fork-bombs. This multi-layered hardening strategy ensures that the BEECode server remains resilient and
performant even when subjected to malicious or highly inefficient student code.

VI. EXPERIMENTAL RESULTS AND DISCUSSION

The performance and efficacy of BEECode were evaluated through a collection of 56 curated Java problems and a
cohort of 100 engineering students over a four-week period.

A. System Performance Benchmarking

We benchmarked the system across four key operational categories: Compilation Latency, Execution Latency, and Al
Response Time. Table II and Table III summarize the stability and security defensive effectiveness of the platform
under increasing concurrent load. We observe that while RAM usage scales linearly with the number of users, the
compilation time remains relatively stable until the 150-user threshold, at which point the CPU scheduler begins to
introduce minor queuing delays.
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Table II: System Performance Analysis Under Load

Load (Users) Compile (s) Run (s) Al Hint (s) RAM (GB)
10 0.42 0.15 1.20 1.2
50 0.58 0.22 1.45 2.8
100 0.95 0.45 2.10 4.5
200 1.65 0.85 3.40 8.2

The defensive effectiveness of the sandbox was tested using a battery of 100 malicious submission attempts. Table I1I
details the success rate of our containment strategies. Every single attempt to escape the container or traverse the host
file system was successfully blocked by our security protocols.

Table III: Sandbox Defensive Effectiveness

Attack Type Attempts Blocked Mitigation Strategy
Fork Bomb 25 100% CPU Quota (0.5)
Memory Leak 25 100% RAM Limit (512MB)
Network Probe 25 100% Private network disabled
FS Traversal 25 100% Read-only mount

B. Pedagogical Impact and Error Resolution

We measured the impact of Socratic hints on the "Mean Time to Resolve" (MTTR) for various error types. As shown in
Table IV, the MTTR was significantly lower for students using BEECode hints compared to those relying on standard
compiler logs. Specifically, for Infinite Loop errors, the MTTR dropped from 12.5 minutes to just 4.1 minutes—a 67%
improvement. This suggests that the Socratic questions help students visualize the execution path of their code more
effectively.

Table IV: Impact of Socratic Hints on Error Resolution

Error Type Log Only (min) BEECode (min) Improvement
Syntax Error 4.5 1.2 73%
NullPointerException 8.2 2.8 65%
Infinite Loop 12.5 4.1 67%
Logic Integrity 15.6 5.5 64%

C. Longitudinal Mastery Analysis

We monitored student performance through multiple difficulty levels during a four-week assessment period. Table V
presents the average attempt count needed to complete a challenge from each difficulty level during both the first week
and the fourth week. The results demonstrate that 63 to 65 percent of attempts needed to complete tasks decreased
throughout the study period while participants encountered increasingly challenging problems.

Table V: Average Attempts to Master Concepts (Week 1 vs. Week 4)

Concept Tier Week 1 (Avg) Week 4 (Avg) Reduction
Basic Loops 4.2 1.5 64%
OOP Inheritance 6.8 2.4 65%
Collections 8.5 3.1 63%
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Concept Tier Week 1 (Avg) Week 4 (Avg) Reduction
Recursion 12.4 4.5 64%

D. User Satisfaction and Survey Metrics

Following a 4-week trial, we collected Likert-scale feedback (1-5) from the participants. Table VI shows that the
Socratic method received high ratings from users together with the complete system of the platform. Students
especially praised the Ul design because it created a safe experience that differed from the intimidating nature of
professional IDEs.

Table VI: User Satisfaction Survey Analysis

Metric Mean Score Standard Deviation
Hint Usefulness 4.6 0.45
UI Engagement 4.8 0.32
System Realism 4.3 0.65
Perceived Learning 4.5 0.52

E. Platform Scalability and Cost Analysis

We analyzed the operational costs of maintaining BEECode. By utilizing local heuristics for 90% of syntax errors, the
system significantly offsets the costs associated with LLM API calls. Table VII breaks down the estimated monthly
cost per 1000 users.

Table VII: Estimated Monthly Operational Costs per 1000 Users

Component Cost (USD) Notes

Cloud Server $20.00 4 vCPUs, 16GB RAM
Gemini API $15.00 Heuristic First Cascade
Storage/DB $5.00 20GB Persistent Storage
Total $40.00 $0.04 per active user

VII. IMPLEMENTATION CHALLENGES AND SOLUTIONS
The development of a real-time platform presented several engineering hurdles that required innovative solutions.

A. Latency Mitigation via Container Pooling

Initially, spawning a new Docker container for every execution led to a 2-second delay. We resolved this by
implementing a "Container Warm-Pool" where pre-initialized containers are kept in a paused state. This reduced the
startup latency by 85%, bringing end-to-end response times under 0.6 seconds.

B. Asynchronous Hint Delivery and API Buffering

With the Gemini API sometimes taking 3 seconds to respond, we implemented a "Heuristic-First" cascade. If a simple
syntax error is detected by our local regex engine, the response is delivered in under 100ms, only querying the LLM for
deep logical failures where semantic understanding is required. This ensures the student always receives immediate
feedback.

VIII. SYSTEM SCENARIO CASE STUDIES

To better understand the interaction between the Socratic engine and student logic, we analyzed five common failure
scenarios.
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A. Scenario A: Array Index Out of Bounds

In this case, a student initialized an array loop with "i <= array.length". Instead of providing the fix, the engine
prompted: "If your array has 5 elements, what is the index of the very last element?" This led the student to discover the
off-by-one error independently.

B. Scenario B: Object Initialization Failure

A student attempted to call a method on a null object. The engine prompted: "Look at your object user—have you
given it an identity yet, or is it just a name without a home?" This metaphor helped the student realize they had declared
the variable but forgotten to instantiate it.

C. Scenario C: Infinite Recursion and Stack Overflow

A student implemented a factorial function without a base case. The engine detected the repeated recursive calls and
prompted: "If you keep asking the same question without an end, will you ever get an answer? What should happen
when n reaches 1 or 0?" This guided the student to implement the missing base case.

D. Scenario D: Inefficient Memory Usage in Collections

A student used an ArrayList for a scenario requiring frequent insertions at the beginning of a large list. The engine
prompted: "Imagine you are adding a book to the bottom of a stack versus the top. Which one requires moving more
books?" This directed the student to research LinkedLists and their performance characteristics.

E. Scenario E: Concurrency and Threading Conflicts

A student attempted to access a shared variable from multiple threads without synchronization. The engine prompted:
"If two people try to write on the same line of a notebook at the same time, what happens to the handwriting?" This led
the student to discover the concept of 'synchronized' blocks in Java.

IX. ETHICAL CONSIDERATIONS AND DATA INTEGRITY

The use of Al in education brings significant responsibilities. BEECode ensures that all data is anonymized before
being used for aggregate analysis. Furthermore, the system includes a "Logic Integrity Monitor" that prevents students
from simply copying hints into their code, ensuring the platform remains a tool for learning rather than a tool for
academic circumvention.

X. CONCLUSION AND FUTURE WORK

This research demonstrates the efficacy of a unified, Al-powered platform in bridging the gap between technical theory
and practical debugging skills. BEECode represents a scalable, secure, and pedagogically sound approach to modern
programming education. By combining FastAPI for orchestration, Docker for secure isolation, and a tiered Socratic
engine, we have created an environment that fosters both deep logical reasoning and real-world preparedness. Our
results confirm that providing adaptive, conversational feedback significantly improves student engagement and
reduces the time required to master complex Java concepts. The platform's ability to turn mechanical failures into
reflective learning opportunities marks a shift from evaluative automation to proactive pedagogical partnership.

Future work will focus on the following directions:

(1) Teacher Analytics Dashboards: Providing instructors with real-time "Heatmaps" of student failures. These
dashboards will allow faculty to identify common conceptual bottlenecks (e.g., specific difficulty with 'Inheritance' or
'Generic Types') across an entire cohort, enabling targeted lecture interventions and data-driven curriculum
adjustments.

(2) Collaborative Debugging: Implementing a secure peer-to-peer mode where students can collaborate in a shared
sandbox. This system will include an Al "Moderator" that uses the Socratic method to ensure both participants are
actively engaged and that one student does not simply provide the solution to the other.

(3) Multi-Language Support: Extending the containerization model to support additional languages such as Python,
C++, and Go. This involves developing language-specific heuristic layers and specialized execution environments
while maintaining the same rigorous pedagogical and security standards.

(4) Predictive Failure Modeling: Integrating machine learning models to analyze student metadata (such as keystroke
dynamics and submission frequency) to predict when a student is likely to experience "unproductive struggle" or
frustration. This will allow the Al to proactively offer support before the student disengages from the task.
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(5) Multi-Modal Interaction and Voice Integration: Developing a natural language interface that allows students to
interact with the Socratic assistant via voice commands. This will also include visual annotations within the IDE, where
the Al "points" to problematic logical paths using heatmaps or dynamic flowcharts, providing a richer, multi-modal
learning experience.
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