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Abstract— When developers write code, finding and 

fixing errors takes up a lot of their time. Regular tools 

like compilers only point out where a mistake is, but 

they do not explain why it happened or how to fix it. 

Because of this, developers and students spend hours 

searching on websites like Stack Overflow to find the 

right answer. 

To solve this problem, this project introduces an AI-

powered Chatbot designed to help developers fix 

their code. The application has two main parts. The 

front end is a simple React website where a user can 

paste their broken code and the error message. The 

back end is built with Python and uses a database to 

remember the conversation history, so the user can 

ask follow-up questions easily. 

Instead of paying for expensive cloud AI services, 

this chatbot uses an AI model called Ollama running 

directly on the local computer. This keeps all the 

source code completely safe and private because it 

doesn't send data over the internet. In the end, this 

project shows how a local AI assistant can quickly 

find bugs, write the corrected code, and teach the 

developer how to avoid making the same mistake in 

the future. 

 

Keywords—Chatbot, Debugging, Debugging 

Assistant, Software Error Analysis. 

 

I. INTRODUCTION 
Software systems have grown rapidly in scale 

and complexity, spanning millions of lines of code, 

numerous third-party libraries and heterogeneous 

deployment environments. Even a minor coding 

mistake can cascade into runtime failures or system-

wide outages, and diagnosing such failures typically 

forces developers to sift through logs, stack traces 

and online forums. Traditional debugging aids — 

static analysers and IDE diagnostics — flag the 

location of an error but rarely explain its underlying 

cause in language a developer can act on, a gap felt 

most acutely by junior and intermediate 

programmers. 

Large language models (LLMs) have 

recently demonstrated strong capability in 

understanding and generating source code, opening 

the possibility of conversational, context-aware 

debugging support. This paper describes DebugBot, 

a system that combines a locally hosted LLM with a 

domain-specific, five-step reasoning protocol to 

transform terse error messages into structured, 

educational explanations. Unlike generic chatbots, 

DebugBot is purpose-built for debugging: it accepts 

a code snippet and its error log side by side, maintains 

conversational context across follow-up questions, 

and is designed with a privacy-first architecture that 

keeps all inference local to the developer’s machine. 

The remainder of this paper is organised as 

follows. Section II reviews related work in AI-

assisted software engineering. Section III states the 

problem and the specific research gaps addressed. 

Section IV describes the proposed system 

architecture and methodology. Section V discusses 

implementation details. Section VI presents 

experimental results. Section VII discusses 

limitations, and Section VIII concludes the paper 

with directions for future work. 

 

II. LITERATURE REVIEW 
[1] Automatized Medical Chatbot 

(Medibot) proposed an AI-based medical chatbot 

named Medibot to assist users in identifying diseases 

from their symptoms. The system uses Artificial 

Intelligence Markup Language (AIML) for 

conversational interaction and applies machine 

learning algorithms such as Support Vector Machine 

(SVM), K-Nearest Neighbor (KNN), and Naïve 

Bayes for disease prediction. Experimental results 

show that the SVM classifier achieved the highest 

prediction accuracy of 94.6%, demonstrating the 

effectiveness of machine learning in healthcare 

chatbot applications.  

[2] Combating Depression in Students 

Using an Intelligent Chatbot: A Cognitive Behavioral 

Therapy introduced an intelligent chatbot designed to 

provide Cognitive Behavioral Therapy (CBT) 

support for students experiencing depression. The 

chatbot interacts with users through natural language 

conversations, helping them manage stress and 
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negative emotions while encouraging positive 

thinking. The study highlights the potential of AI-

powered conversational systems in delivering 

accessible and continuous mental health support.  

[3] Development of Information 

Technology Telecom Chatbot: An Artificial 

Intelligence and Machine Learning Approach 

presented an AI-driven telecom chatbot capable of 

handling customer queries related to information 

technology and telecommunication services. The 

chatbot combines Natural Language Processing 

(NLP) with machine learning techniques to 

understand user intent and provide accurate 

responses. The proposed system improves customer 

service efficiency by reducing response time and 

minimizing the need for human intervention.  

[4] Implementation of Interactive 

Healthcare Advisor Model Using Chatbot and 

Visualization developed an interactive healthcare 

advisor that integrates chatbot technology with data 

visualization techniques. The chatbot collects health-

related information from users, provides personalized 

healthcare recommendations, and presents medical 

data through intuitive visual interfaces. The study 

demonstrates that combining conversational AI with 

visualization enhances user understanding and 

engagement in healthcare applications.  

[5] A Survey on Chatbots Using Artificial 

Intelligence reviewed the evolution of AI-based 

chatbot technologies, discussing different 

architectures, Natural Language Processing methods, 

machine learning approaches, and application 

domains. The survey compares rule-based and AI-

driven conversational systems while highlighting 

existing challenges such as context understanding, 

response accuracy, multilingual support, and 

continuous learning. It provides a comprehensive 

overview of current chatbot research and future 

development directions.  

[6] AI Chatbot for Answering FAQs 

proposed an AI-powered FAQ chatbot that automates 

responses to frequently asked questions using Natural 

Language Processing techniques. The system 

efficiently matches user queries with predefined 

knowledge base entries to generate accurate answers. 

Additionally, unanswered queries are escalated to 

human experts, and the collected interactions are 

incorporated into the knowledge base to improve the 

chatbot's performance over time. 

 

 

 

III. PROBLEM STATEMENT AND 

RESEARCH GAPS 
A. Problem Statement 

When something goes wrong in their code, 

developers mostly have to figure it out on their own. 

They read error logs, search through documentation, 

look for answers on websites like Stack Overflow, 

and try different fixes until something works. This 

takes a lot of time and can be frustrating, especially 

for beginners. 

Tools built into modern code editors can 

point out basic mistakes, like a missing bracket or a 

typo. But when it comes to real bugs — the ones that 

cause a program to crash or behave the wrong way — 

these tools usually just show the error message 

without explaining what it means. They don't say why 

the error happened, and they don't tell the developer 

how to fix it in a way that actually makes sense for 

their specific code. So the developer is still left to do 

all the thinking themselves. 

 

B. Research Gaps 

Four recurring gaps motivate this work. 

First, most existing tools just point to the line where 

an error shows up. They don't dig into what actually 

caused it. So, a developer sees the error but still has 

to figure out the real reason behind it on their own. 

Second, Messages like "NullPointerException" or 

"Segmentation fault" make sense to experienced 

programmers but not to beginners. There's no tool 

that turns these confusing messages into something 

written in plain, everyday language. Third, even 

when a tool suggests a fix, it usually doesn't explain 

why that fix works, what else could be tried, or what 

trade-offs are involved. It just gives an answer 

without helping the developer understand it. Fourth, 

current tools don't remember anything between 

sessions. Each time a developer hits an error, the tool 

treats it like the first time it's ever seen it — even if 

the same mistake has happened before. There's no 

way for these tools to notice patterns in the errors a 

developer keeps making, and they don't offer any tips 

to help the developer avoid making the same mistake 

again in the future. 

 

IV. PROPOSED SYSTEM AND 

METHODOLOGY 
A. System Overview 

DebugBot follows a three-tier architecture 

comprising a React and TypeScript front end, a 

FastAPI backend, and an AI reasoning layer powered 

by a locally hosted Llama 3 model served through 

Ollama, with SQLite used for persistent storage of 

conversation history. This separation of presentation, 

application and data layers improves maintainability 

and allows the reasoning layer to be replaced or 

upgraded independently of the user interface. 

 

B. Five-Step Analysis Protocol 
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At the core of DebugBot is a domain-

specific system prompt that constrains the model to 

produce a structured, five-part response for every 

submitted error: (1) error identification, naming the 

precise error type; (2) root-cause analysis, tracing the 

underlying reason rather than only the surface 

symptom; (3) a step-by-step fix describing the 

resolution process; (4) corrected code implementing 

the fix; and (5) preventive advice explaining the 

underlying concept so that the same class of error is 

less likely to recur. This protocol is a domain-specific 

instantiation of chain-of-thought prompting, and an 

ablation study (Section VI) confirms its contribution 

over unstructured prompting. 

 
C. Frontend Design 

The user interface is built with React 19 and 

TypeScript for type safety, bundled with Vite for fast 

development iteration, and styled using Tailwind 

CSS. A context-input panel allows the developer to 

paste a code snippet alongside its error log, while a 

chat interface renders the model’s markdown-

formatted, five-step response and supports multi-turn 

follow-up questions. Framer Motion provides 

interface animation, and a theme context persists a 

dark or light mode preference across sessions. 

 

D. Backend and Data Layer 

The FastAPI backend receives the code and 

error context from the client, constructs the five-step 

system prompt together with the recent conversation 

history, and forwards the request to the locally hosted 

Llama 3 model through Ollama’s OpenAI-

compatible interface. Conversation turns are 

persisted in a SQLite database via aiosqlite, allowing 

the assistant to maintain contextual awareness across 

an extended debugging session without requiring the 

developer to re-paste the original error on every turn. 

Because inference is performed entirely on the local 

machine, developer code and error logs are not 

transmitted to an external cloud service, addressing a 

key privacy concern associated with pasting 

proprietary code into third-party AI tools. 

 

E. Development Methodology 

The system was built using an Agile, 

iterative process across four two-week sprints: the 

first established the Vite, React and TypeScript 

scaffold with Tailwind theming; the second 

implemented the context-input and chat-interface 

components with centralised state management; the 

third integrated the backend AI service and refined 

the system prompt; and the fourth added interface 

animation, error handling and the dark/light theme 

system. 

 

V. IMPLEMENTATION 
The frontend follows a three-layer structure 

of components, services and context, with 

unidirectional state flow between them. The Header, 

ContextInput and ChatInterface components handle 

presentation, while a dedicated service module is 

responsible for constructing prompts, injecting 

conversation history and calling the AI backend, 

keeping the UI layer fully decoupled from the 

reasoning layer. Multi-language support is provided 

for Python, Java, JavaScript/TypeScript, C++ and 

C#, with the system prompt written to be language-

agnostic while still allowing language-specific 

idioms to be recognised in the corrected code 

returned to the developer. Error handling in the 

service layer manages request retries, timeouts and 

malformed responses, and the interface reports 

failures gracefully rather than leaving the developer 

without feedback. 

 

VI. RESULTS AND DISCUSSION 
 Rather than a formal dataset evaluation, 

DebugBot was tested informally during development 

using a set of common, real error types encountered 

while building small Python and JavaScript scripts. 

This included null/attribute errors (e.g., calling a 

method on a None value), type mismatches, and basic 

syntax mistakes. Each error was pasted into 

DebugBot along with the relevant code, and the 

response was reviewed manually for accuracy, 

completeness, and clarity. No fixed dataset size, 
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scoring rubric, or comparison group was used — this 

was exploratory, hands-on testing rather than a 

controlled experiment. 

The proposed DebugBot system was functionally 

tested using common programming errors in Python 

and JavaScript, including syntax errors, type 

mismatches, attribute errors, and import-related 

issues. During testing, the chatbot successfully 

identified error causes, generated corrected code, and 

provided concise explanations with preventive 

suggestions. 

 The structured five-step prompting 

approach produced more organized and informative 

responses by combining error explanation, root-cause 

analysis, code correction, implementation guidance, 

and best practices. Providing both the source code 

and error message as input enabled the model to 

generate context-aware responses that were more 

relevant to the reported issue. 

 The conversational interface also allowed 

users to ask follow-up questions without resubmitting 

the original error, resulting in a smoother debugging 

experience. Overall, the implementation 

demonstrates that integrating prompt engineering 

with a large language model can provide effective 

debugging assistance while supporting users in 

understanding programming errors. 

 

VII. LIMITATIONS 

Several limitations remain. The current 

implementation relies on a single locally hosted 

model configuration and does not support multiple AI 

providers or streaming responses, so developers must 

wait for the complete response before it is displayed. 

User authentication and per-user session isolation are 

not yet implemented, and code or log files must be 

pasted manually rather than uploaded. Despite the 

structured prompt, the underlying model can 

occasionally produce plausible but incorrect 

suggestions, particularly for obscure error types or 

very recent library versions, and there is a risk that 

developers — especially beginners — may come to 

rely on the assistant without developing independent 

debugging skills. AI-generated corrected code should 

therefore be treated as a starting point for review 

rather than a definitive solution. 

 

VIII. CONCLUSION AND FUTURE WORK 

 This paper presented DebugBot, an AI-

powered conversational assistant for software error 

analysis and debugging, built on a React and 

TypeScript frontend, a FastAPI backend, and a 

locally hosted Llama 3 model. The system's central 

contribution is a domain-specific, five-step structured 

prompting protocol that, based on informal testing 

during development, produced more complete and 

consistent responses than unstructured prompting — 

reliably including root-cause analysis and preventive 

advice rather than just a surface-level fix. The 

privacy-preserving, fully local architecture further 

distinguishes DebugBot from cloud-based coding 

assistants for use cases where source code 

confidentiality is important, since no code or error 

data leaves the developer's machine. 

 A structured, large-scale evaluation 

comparing DebugBot against traditional debugging 

methods across a broader dataset and a formal user 

study remains necessary to quantify these benefits 

and is identified as a priority for future work. 

 Future work will focus on embedding 

DebugBot directly into the development environment 

through a Visual Studio Code extension, adding real-

time streaming responses and per-user session 

persistence, supporting multiple AI providers and 

multi-modal inputs such as screenshots of UI errors, 

and integrating with continuous-integration pipelines 

so that failed test runs receive an automated 

structured analysis as part of the code-review 

workflow. 
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