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Abstract—In recent years, the use of Artificial
Intelligence (AI) has become increasingly common in
various fields, including in software development. One such
field is where AI can automatically detect and fix bugs in
code. GPT-3.5 is a state-of-the-art language model
developed by OpenAI that has been trained on a massive
amount of text data to generate natural language responses
to a wide range of prompts. One of the main challenges in
software development is bug fixing, which can be a time-
consuming and complicated process. QuixBugs is a
framework for evaluating automatic program repair
techniques, which can be used to test the effectiveness of
GPT-3.5 and similar bug-fixing tools. This paper evaluates
the effectiveness of GPT-3.5 in automatically fixing bugs in
Python code using QuixBugs. Through testing with 40
different Python bugs, We wanted to evaluate how well
GPT-3.5 was able to accurately fix bug cases.
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I. INTRODUCTION

Software development is a complex and constantly
evolving field, with developers facing various challenges,
including identifying and fixing bugs in code. Bugs in
software that are not fixed can result in the collapse of
important systems, which may have a high financial cost
impact. To make it easier and support programmers in finding
and fixing software errors, many automatic program
improvement (APR) systems have been launched that
automatically suggest software upgrades to fix detected
errors [3].

Various approaches to automated program repair have
been proposed, including generate-and-validate approaches
that mutate software guided by a search strategy, and
semantics-driven (or synthesis-based) approaches that use a
constraint solver to synthesize repairs [5]. However, one of
the key disadvantages of standard approaches to APR is their
running cost. These approaches typically rely on test suites to
verify program correctness or calls to a constraint solver,
which can be time-consuming, making it difficult for
programmers to efficiently detect and fix bugs in software.

Recently, program repair tools based on deep learning
(DL) approaches have been introduced. These tools learn bug
fixing patterns from existing databases and treat the
automated program repair problem as a neural machine
translation task, producing a ranking of patches. Unlike
standard approaches, generated patches from DL-based
program repair tools are not usually evaluated against a test
suite or other automated verification strategy, so they may not
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even compile. Nevertheless, DL-based program repair has
shown competitive results to standard approaches [3].

Several large-scale language models based on the
Transformer architecture have been introduced in recent
years, such as CodeBERT, PyMTS5, and GPT, which can
process and extend source code and achieve comparable
results to standard approaches on various coding tasks [2].
However, the quality of these suggestions is still unclear.in
this work, we aim to evaluate and analyze the automatic bug
fixing performance of OpenAl's GPT-3.5 for Python
programs. We chose the QuixBugs benchmark set for our
study, as it contains small yet challenging programs for
current APR approaches. We will compare GPT-3.5's
performance with that of ChatGPT and dedicated APR
approaches. For the standard APR approaches, we will take
the results from a recent paper that examines the performance
of several methods on the QuixBugs benchmark set [3].

In this research paper, we evaluate the effectiveness of
OpenAl's GPT-3.5 for automated Python program bug fixing
using QuixBugs, a benchmark suite for automated program
repair. We examine the accuracy and efficiency of GPT-3.5
in identifying and repairing bugs in Python programs, and
compare its performance with another automated program
repair tools.

The results of this study will contribute to the evaluation
and analysis of automated program repair tools and their
potential to improve software quality and reduce the
economic costs associated with software bugs. Moreover, the
study will provide insights into the strengths and limitations
of OpenAl's GPT-3.5 as an automated program repair tool
and its potential for future development.

II. LITERATURE REVIEW

There has been a recent surge of interest in using large
language models for automated program repair, as
demonstrated by OpenAl's Codex and ChatGPT models.
Codex has been found to outperform most students on real
questions taken from introductory programming exams, and
has also demonstrated its capable to generate code from
English prompts and do some programming tasks [1, 30].
Meanwhile, ChatGPT, although not specifically designed for
programming tasks, has been found to be competitive with
other state-of-the-art approaches in bug-fixing performance
on the QuixBugs benchmark set [5]. Other experiments have
also been conducted on the use of large language models in
automated program repair [9, 10].

Large language models have had an enormous impact on
various problems of natural language processing. One of the
most well-known models is ChatGPT, which generates text
in response to cues [22],[29]. ChatGPT is an NLP model
launched in November 2022 that is capable of generating text



in a human-like conversational style [13, 15]. It has shown
potential in various fields, including programming support,
education, healthcare, finance, mathematics, and scientific
research [8, 15, 16]. In the realm of programming, ChatGPT
has been evaluated for program repair and found to
outperform other models in terms of accuracy rate and repair
time [13]. Automated program repair remains a challenging
task for developers, who must understand the problem and
localize its root cause in the source code [4]. The goal of
automated program repair is to localize or discover problems,
detect or rectify errors, and automatically apply patches to
software bugs so that software faults can be fixed to increase
software reliability [11, 12, 19, 20].

Automatic program repair introduced using different
algorithm, genetic programming [25],[26],[28] and machine
learning [21],[23],[24],[27] are the most general algorithm
that used in ARP. As part of the effort to improve automated
program repair, researchers have investigated different
approaches to localizing bugs. One such approach is the use
of fault localization techniques, which aim to identify the
source of the bug by analyzing the program's execution
behavior [2]. Other approaches include the use of static
analysis, dynamic analysis, and program slicing [3, 7, 18].
These approaches can help developers identify the parts of
the code that are likely to contain the bug, and can thus speed
up the repair process.

In addition to localization, researchers have also explored
different methods for finding bugs. One common approach is
to use automated testing, which involves running tests on the
code to detect errors [6]. Other methods include code review,
debugging, and monitoring [14, 19, 21]. Automated program
repair can benefit from the use of these techniques in
identifying bugs and generating fixes.

Despite the promising results of automated program
repair using large language models, there are still challenges
that need to be addressed. One such challenge is the need to
ensure that the generated fixes are correct and do not
introduce new bugs [17]. Another challenge is the need to
improve the performance of automated program repair
systems, particularly in terms of their speed and scalability
[22]. Addressing these challenges will be crucial in realizing
the full potential of automated program repair using large
language models.
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