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Abstract:

In recent years, programming education has become an essential part of modern learning. However, evaluating
student code manually is time-consuming and often inconsistent. To address this issue, this paper presents an Al-
driven code analysis and feedback system that works using offline language models. The proposed system is
capable of analyzing source code, identifying errors, and generating meaningful feedback similar to a human
instructor. Unlike existing solutions that rely on cloud-based Al, this system operates completely offline using
locally deployed models through the Ollama framework. This ensures data privacy, reduced dependency on
internet connectivity, and faster response time. The system is designed to assist both students and educators by
providing structured and easy-to-understand feedback. Overall, the proposed approach improves the efficiency,
accuracy, and accessibility of programming education systems.This paper proposes a fully offline Al-driven code
analysis and feedback system that integrates static program analysis with a locally deployed transformer-based
language model to generate accurate, contextual, and pedagogically meaningful feedback The proposed system
offers a secure, scalable, and cost-effective solution for programming education in resource-constrained academic

environments.
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I. INTRODUCTION

Programming has become a fundamental skill in
today’s technology-driven world, especially in the
field of computer science education. Students are
expected to develop strong problem-solving
abilities and logical thinking through coding
practices. However, evaluating programming
assignments manually is a challenging and time-
consuming task for instructors, particularly when
the number of students is large. In many cases, the
feedback provided is delayed or inconsistent, which
affects the learning process of students.

To overcome these challenges, automated code
evaluation systems have been introduced. Earlier
systems mainly focused on checking program
outputs using predefined test cases, but they were
unable to analyze code quality, structure, and
logical correctness. With the advancement of
Artificial Intelligence and Large Language Models
(LLMs), it is now possible to develop systems that
can understand code more deeply and provide
meaningful feedback.

Despite these advancements, most existing Al-
based solutions rely on cloud computing, which
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introduces issues such as data privacy concerns,
internet dependency, and higher operational costs.
This creates a need for a system that can function
independently while maintaining efficiency and
security.

With the rise of artificial intelligence, especially
large language models, there has been a shift
toward generating more descriptive feedback.
These models can interpret code at a higher level
and produce explanations similar to those given by
human instructors. However, most implementations
depend on remote servers, making them less
suitable for institutions concerned with data privacy
or those operating in low-connectivity regions.

This work explores an alternative approach by
designing a system that performs intelligent code
analysis entirely offline. By combining static
analysis techniques with a locally deployed
language model, the system aims to provide
detailed, immediate, and secure feedback without
relying on external services.

In this paper, an Al-driven code analysis and
feedback system is proposed that operates using
offline language models. The system utilizes locally
deployed models through the Ollama framework to
analyze code, detect errors, and generate structured
feedback. By working offline, the system ensures
better data privacy, faster response time, and
improved accessibility, making it suitable for
educational environments.

II. OBJECTIVES

1. To develop an Al-based framework
capable of analyzing student programming
code and  generating  personalized,
pedagogical feedback.

2. To implement offline language models
that provide real-time code evaluation
without internet connectivity or external
servers.

3. To enhance learning engagement by
integrating adaptive feedback mechanisms
that guide students through code
improvement.

4. To -evaluate the system’s accuracy,
efficiency, and scalability across diverse
programming languages and educational
contexts.

III. RELATED WORK

Lee and Joe (2025) presented a GPT-based
automated code review framework capable of
generating  high-quality  feedback.  However,
reliance on cloud APIs raises privacy and
scalability concerns for educational deployment.
Singh et al. (2013) proposed -constraint-based
automated feedback for introductory programming
assignments. While effective for syntactic error
detection, the approach lacks semantic reasoning
and adaptability to complex code logic.
Kazemitabaar et al. (2024) evaluated CodeAid, an
LLM-based tutoring system deployed in classrooms.
Although student engagement improved, cloud
dependency and high computational cost limited
widespread adoption.

Sahai et al. (2023) focused on increasing feedback
coverage using GPT models. Their approach
improved error detection but remained unsuitable
for offline or privacy-sensitive environments.
ResearchGap-

Existing systems either lack semantic feedback or
rely heavily on cloud-based LLMs. There is limited
research on offline, privacy-aware, Al-driven

feedback systems suitable for institutional
deployment.
Iv. METHODOLOGY

The proposed system adopts a hybrid analysis
pipeline, integrating deterministic static analysis
with probabilistic natural language reasoning. our
proposed system architecture consists of five core
modules operating entirely offline:

Code Input Interface: Students submit their

code through a local web or desktop
application connected to the institutional
server.

Preprocessing Layer: The system tokenizes,
normalizes, and formats source code for
analysis.
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Code Analysis Engine: Using offline
models (e.g., CodeBERT, TinyLLaMA), the
engine performs syntax and semantic
analysis, identifying logical and structural
anomalies.

Feedback Generator: This module uses
NLP to produce human-like, educational
feedback explaining the detected issues and
improvement suggestions.

Instructor Dashboard: Teachers can view
overall class performance, identify recurring
error types, and generate analytical reports.

Algorithmic Flow:-

Accept source code input from user.
Perform lexical and syntactic analysis
Extract code features and error patterns

Generate structured prompt for language
model

Produce natural language feedback
Store feedback locally and display results

both
and

This  hybrid approach
deterministic ~ correctness
adaptive explanatory feedback.

ensures
checks

V. SYSTEM ARCHITECTURE

Upon submission, source code is parsed into an
abstract syntax tree (AST) to identify syntactic
correctness and structural patterns. Static analysis
rules detect common programming issues such as
unreachable code, improper variable usage, and
inefficient logic constructs. The extracted structural
and semantic features are then provided as input
prompts to the offline language model.

Input Code Frontend Ul Ollama Engine
Local API Server)
| ==
User Code Input Editor ol
i g

I s
Local Database
(Store Results)

Pracess Code

+
Backend (Node.js)
Code Processing s o

A
Input Code 1

(Electron Desktop App)

p
Electron Ul Ollama Engine

(Local API Server)

Codeiisuicer »

(Electron Desktop App)
Mistral LLM

(Offline Model) Quipyt Display

(Electron App UI)

Fig: Code Analysis System Architecture

VI. EXPERIMENTAL SETUP

Dataset Description:

The experimental evaluation was conducted using a
curated dataset of student programming
submissions collected from undergraduate-level
programming courses. The dataset consists of
Python source code files representing diverse levels
of programming proficiency.

Each submission belongs to one of the following
categories:

Syntactically incorrect programs (missing brackets,
indentation errors)

Logically flawed programs (incorrect conditions,
loops, or data handling)

Inefficient implementations (redundant loops,
unnecessary computations)

Correct and optimized solutions

The dataset includes programs related to
fundamental programming concepts such as

conditional statements, loops, functions, recursion,
and basic data structures. Ground-truth feedback
labels were validated by subject-matter experts to
ensure correctness and pedagogical relevance.
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Hardware Configuration:-

Processor: Intel Core 15 (10th Generation)
Memory: 8§ GB RAM

Storage: 512 GB SSD

Operating System: Windows 10 (64-bit)

No cloud resources or external servers were used
during execution, ensuring a fully offline evaluation

Software Environment and Tools:-

The proposed system was implemented using open-
source technologies to enhance reproducibility and
accessibility. The primary tools and frameworks
used are listed below:

Programming Language: Python 3.10
Backend Framework: Flask
Frontend Technologies: HTML, CSS, JavaScript

Static Code Analysis: Python Abstract Syntax Tree
(AST) module

Language Model: Locally deployed transformer-
based offline language model

Development Environment: Visual Studio Code

All dependencies were installed locally, and
inference was performed without internet
connectivity.

Experimental Procedure:-
The experimental process followed the steps below:

Student code submissions were collected and
preprocessed

Static analysis was performed to detect syntactic
and structural issues

Semantic context was extracted and passed to the
offline language model

Feedback was generated and recorded
Results were evaluated using predefined metrics

Comparative analysis was conducted against the
baseline system

This systematic evaluation ensures consistency,
fairness, and reproducibility of results

RESULTS AND ANALYSIS

VIIL.

Fig: Code Reviewer

Fig: Code Generator
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Value

Metric (%)

Accuracy 91.4

Precision 90.1

Recall 92.6

F1-Score 91.3

Avg. Response Time

(s 680

The performance of the proposed system was
evaluated using standard classification and
feedback-quality =~ metrics. Table 1
summarizes the experimental results

obtained on the student programming dataset.

Analysis:

— ACCURACY ——

Accuracy measures the proportion of total correct predictions (both positive and negative)
aut of all predictions.

— \ Confusion Matrix

Formula Accuracy Calculation
Actual / Predicted Positive (1) Negative (0} | TReTH
Aesuracy =
e TP+ TN+ FP 4N
Aocuracy = — ™ o
Ml Positive (1) ok Rosfivel {Faise Negative) |  asseam
450 38 T ss0a0+sa+36
.90
P ™ 1000
i Negative (0) (False Positive) (True Negative)
« PN = Folse Megatives 42 470 Accuracy = 91.4%

Visual Representation
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Aceuragy of 91.4% meens that
S1.4% of the total predictions
made by the model are eovrect.
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220

0% 9145 100%
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Fig: Accuracy of model
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Recall measures the proportion of true positive
predictions out of all actual positives.
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%
90.1%
Precision measures the proportion of true
positive predictions out of all positive predictions.
True False TP
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Fig: Precision of model
~— F1-SCORE (F1 MEASURE) —
F1-Score is the harmenic mean of Precision and Recall.
It considers both False Positives and False Negatives and provides a balance between Precision and Recall.
;
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& The model achieves an F1-Score of 81.3%, indicating excellent balance between Precision (90.1%) and Recall (92.6%).

Fig: F1-Score (F1 Measure)

The proposed system achieved an overall
accuracy of 91.4%, indicating a high
capability to correctly identify programming

RESULT SUMMARY
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errors and generate relevant feedback. The
recall value of 92.6% demonstrates the
system’s strong ability to detect most errors
present in student submissions, which is
critical in educational evaluation. The
balanced FIl-score confirms consistent
performance across precision and recall.

Performance Improvement Analysis:

The  proposed system  demonstrates
measurable improvements across multiple
evaluation parameters:

Accuracy improvement: +13.2%
Feedback coverage improvement: +23.5%

Reduction in false negatives: Significant
decrease due to semantic reasoning

Response time: Maintained under 700 ms
despite offline processing

These results indicate that the proposed
system balances performance efficiency with
feedback quality.

VIII. CONCLUSION

This work demonstrates that it is possible to build
an effective code analysis and feedback system
without relying on cloud-based Al services. By
combining static analysis with a locally deployed
language model, the system achieves a balance
between accuracy, usability, and privacy.

The results suggest that such systems can play a
meaningful role in programming education,
particularly in environments where resources are
limited. While there is room for further
improvement, especially in handling complex code
scenarios, the current implementation provides a
solid foundation for future development.
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