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Abstract. This work addresses a research challenge in automating the translation
of natural language inputs into programming language specifications. We consider
the case of bug reports, which are informally written by users, and that must be
specifying into executable test cases for reproducing the bug on the target soft-
ware. Software bugs are indeed largely reported in natural language by users. Yet,
we lack reliable tools to automatically address reported bugs (i.e., enabling their
analysis, reproduction, and bug fixing). We therefore build on the recent promises
brought by ChatGPT for various tasks, including in software engineering, and
establish the following research question: What if Conversational Artificial Intel-
ligence (Al) models could be used to explore the semantics of bug reports as well as
to automate their reproduction? We evaluate the capabilities of ChatGPT, a state-
of-the-art conversational Al i.e., chatbot, using the popular Defects4] benchmark
with its associated bug reports. The results reveal that ChatGPT can generate exe-
cutable test cases that could trigger 50% of the bugs reported in natural language.
These results are promising not only for the research community, but also for
practitioners.
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1 Introduction

Software users are expected to provide feedback on their experience in running programs.
Such feedback often leads to various improvements by developers responding to feature
requests and bug reports. In this respect, development platforms, such as GitHub, offer
tool support for collecting reports and continuously monitoring how developers address
them. Unfortunately, various studies have shown that bug reports are under-exploited
[1]. Recurrently, indeed, researchers and practitioners point to the general quality of
such reports: developers put much effort to “understand” and reproduce the potential
bugs that are reported; researchers struggle to build tools for automatically capturing the
semantics of the natural language text and transforming them into actionable inputs for
existing (testing) frameworks.
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With recent advances in natural language processing techniques, such as the advent
of large language models (LLMs), a wide range of tasks have seen machine learning
achieve, or even exceed, human performance. Machine translation [2, 3], in particular,
has been a very active field where several case studies have been explored beyond lan-
guage translation. For example, in software engineering, several research directions have
investigated the feasibility of leveraging natural language inputs for producing program-
ming artefacts and vice-versa. Some milestones have been recorded in the literature in
code summarization [4, 5], program repair [6, 7], and even program synthesis [8]. Nev-
ertheless, bug reports have scarcely been explored. Yet, automating bug reproduction
via analysis of bug reports holds tremendous value. In this work, we propose to study
the feasibility of exploiting an LLM for reproducing bugs. We focus on ChatGPT, which
has recently received much attention and presents the advantage that its model has been
trained on a large corpus of natural language text as well as source code of software
programs.

But can ChatGPT understand bug reports? We consider the management of bug
reports as an example case where machine learning can be helpful while keeping the
human in the loop. “Understanding bug reports” suggests the eventual possibility of
reproducing the reported bug. Our prompt is therefore focused on requesting ChatGPT
to exploit a bug report’s textual content (in natural language) and generate a formal
test case (in a programming language). We assume that if ChatGPT can generate a
test case that not only is executable but also fails on the associated buggy program
version, then ChatGPT may have “understood” (in the sense of “captured the semantics
of unwanted execution behavior reported by the user”). This assumption is, obviously,
an over-approximation of the relevance of the generated test case since the generated
failing test case may be based on random inputs that are irrelevant to the reported bug.
Nevertheless, it would constitute a first milestone towards automatic test case generation
based on user inputs, which reflects realistic and complex user experience.

2 Related Work

To address a bug, the first step is to understand it and reproduce it. To demonstrate that
there is a bug, the developer has to write a bug-triggering test case since the original test
suites are usually scarce and incomplete [9, 10]. Several techniques [11-14] have been
developed to help developers with this very time-consuming process. However, these
techniques mostly rely on formal specifications.

Recently, some work on test case generation using large language models (LLM) was
done by [15] but their TestPilot still requires the functions signature and implementation
as prompt. The use of ChatGPT to directly enhance Automated Program Repair (APR)
techniques [16—18] highlights even more the potential of this new LLM. Feng et al.
[19] have investigated ChatGPT’s ability to help developers reproduce the bug while
extracting important steps to reproduce the bug from the bug report. However they did
not perform any test case generation. Additionally, they still require a human to actually
reproduce the bug. In contrast, in our study, we are aiming at using the unprocessed
human written bug report as direct input for test case generation, enabling automatic
bug reproduction with only a human-in-the-loop to report the bug but not to address it.
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3 Experimental Setup

In this section we overview the settings under which we assess the capability of a Large
Language Model to translate informal bug reports from real software projects into formal
test case specifications that reproduce the buggy behavior. In particular, we present the
benchmark, the metrics as well as the experimental design.

3.1 Benchmark

We consider the Defects4 repository [20], which includes real-world faults from various
Java software development projects as enumerated in Table 1. We collect the bug reports
associated to these faults. One must mention that not all bug reports were available, and
some bugs referred to the same bug report, in that case it was only considered once to
avoid bias in the results because of duplicates. We considered Defects4J due to its wide
adoption in the software testing and software research communities.

Table 1. Java Projects from Defects4J used in the study.

Projects

Chart |Cli | Closure |Lang |Math |Time
#Faults 26 39 174 64 106 29
#Faults associated to Bug Reports 6 30 127 60 100 19

3.2 Metrics

As introduced, the goal of the study is to assess whether ChatGPT can generate test cases
from bug reports. Therefore, our evaluation is focused on measuring the quality of the
generated test cases. We thus consider two main metrics:

e Executability: a ChatGPT-generated test case may not even be syntactically correct
to be compiled and executed. While often, the generated test case can be made exe-
cutable after manually implementing small edits (e.g., adding relevant imports), we
conservatively consider that executability is a binary metric, and is automatically
computed once ChatGPT outputs are yielded (with no manual changes added).

e Validity: an executable test case may or may not fail on the target buggy program. We
follow the convention of patch validation in program repair and consider the generated
test case to be valid only when it, indeed, fails on the buggy program. Otherwise it is
considered as invalid.

3.3 Experimental Design

We rely on the ChatGPT API (version 3.5) for our experiments. We construct the prompt
by concatenating two pieces of information: the instruction and the bug report.
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The instruction is unique for all queries to ChatGPT and is as simple as follows:
“{write a Java test case for the following bug report: }”. For the bug report, our feasibility
study considers that no pre-processing should be applied on the bug report, and the
information should not include follow-up comments or attachments. For every prompt,
we request the ChatGPT five (5) times and assess the different generated test cases.
In practice, before running the generated test cases, the ChatGPT outputs are parsed to
clean them from natural language texts (e.g., explanations) that would lead to compilation
failures. Afterwards, the test cases are systematically included in the test suite, which is
fully executed by the Defects4] test pipeline. Execution results are then logged, allowing
us to compute the metrics of executability and validity.

4 Results

Figure 1 provides an illustrative example of a bug report (from the CLI project) and the
associated formal test cases (ground truth in Defects4] and generated from ChatGPT).
As we can see in this example, ChatGPT is able to reproduce a formal test case from a bug
report, which can enable various software automation tasks, such as spectrum-based fault
localization, patch validation in program repair, and more generally automated software
testing.

~ Description
PosixParser doesn't stop the bursting process of a token if stopAtNonOption is
enabled and a non option character is encountered.
For example if the options a and b are defined, with stopAtNonOption=true the

following command line:
n

-azb Co parser = new PosixParser();
o parser.parse(options, args,

is turned into:
assertTrue(cnd. hasOption(*a") );
-azb b assertTrue(cnd.getOptionValue("a"). isEmpty());
assertTrue(cnd.getArgs () [0] .equals("zb"));
the right output should be: assertFalse(cnd. hasOption("b"));

-azb

(a) Bug Report (b) Generated Test Case

void testStopBursting(

Commandi
assertTrue
assertFalse c cl.hasoption(“c*) );

assertTrue( "Confirm 1 extra arg: " + cl.getArgList().size(), cl.getArgList().size() == 1);
assertTrue(cl.getArgList().contains("zc"));

(c) Original Bug-Triggering Test Case

Fig. 1. Example of bug report and associated test cases - Cli 17 from Defects4]

On the Defects4] dataset, we compute the proportion of bug reports for which
ChatGPT is able to successfully generate test cases.

Table 2 summarizes the metrics. On average, executable test cases were obtained
for 50% of the bug reports across all projects. The validity of the generated test cases
varies greatly from one project to another, which can be explained by the different
source and format of user-written bug reports. Unfortunately, a commonly known issue
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of some Math project versions is that the test suite is compiling, but their execution
is never-ending. Therefore, there were 10 Math bug reports for which we could not
determine the validity of the generated test cases, which explains the lower validity
results for this project. Overall, we got valid test cases for 30% of the bug reports, which
is really promising. Among the executable test cases, we observed that 59% were valid.
This shows that once the initial executability challenge is passed, the tests generated by
ChatGPT are in fact valid, highlighting its understanding. Meaning that ChatGPT was
able to understand the semantics of the user written bug report and translate them into a
bug-triggering test case. These results highly motivate further research in this domain.

Table 2. Generation performance for ChatGPT: percentage of bug reports where we successfully
generated at least one test case.

Percentage of generation success
Project # of bug reports | Overall executability | Overall validity | Validity among
executable
Chart 6 33% 17% 50%
Cli 30 53% 37% 69%
Closure | 127 46% 28% 59%
Lang 60 60% 43% 72%
Math 100 43% 15% 35%
Time 19 84% 68% 81%
Total 342 50% 30% 59%

Further manual investigations also highlighted that executability and validity can in
most cases be fixed with minor modifications (e.g., adding relevant imports or changing
duplicated function names).

Findings: The experimental results based on ChatGPT APIs show that a large language model
(LLM) can take bug reports as inputs and produce test cases that are executable in 50% of cases.
Beyond executability, about 30% of the bugs could be reproduced with valid test cases.
Specifically, over half (59%) of the executable test cases were valid test cases.

These results, which are based on an off-the-shelf LLM as-a-service, show promises for au-
tomated test case generation, beyond unit testing, leveraging complex information from user-
reported bugs.

5 Discussion

Overall, our empirical study validates the hypothesis that ChatGPT can “understand”
bug reports: given a bug report, it can extract its semantics and translate them into formal
test cases. However, some challenges that should be addressed in the future remain. This
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section will cover some limitations and suggest some research directions for future work
to increase the amount of executable and valid test cases.

5.1 Threats to Validity

In this study, ChatGPT, an openly available LLMs known to have been trained on public
data is exploited to generate test cases for bugs of the Defects4]J dataset. As Defects4] is a
standard benchmark thatis publicly available, it is likely that parts of the dataset have been
part of the model’s training data, this is a threat to the validity of the results as it reflects
a data leakage problem. To address this concern, we performed manual investigations
of the generated test cases to ensure their difference with the original tests, confirming
ChatGPT’s capability of understanding the semantics of the bug report. Still, in further
iterations of this work we will assess ChatGPT’s performance on newly reported faults.
Additionally, due to the randomness of ChatGPT, it is essential to verify that ChatGPT
is correctly replying to the given prompt before starting the experiments.

5.2 Limitations & Future Work

In this study the Executability only reflects if a generated test case is directly executable
or not. This doesn’t reflect the amount of effort for a human to make it executable. After
manually reviewing the generated test cases, it has been shown that most can be made
executable through the modification of one or two lines of code. The most common
issues are usually: missing imports, duplicate function names, or the use of a deprecated
function. Those limitations could systematically be fixed in future work (e.g. with prompt
engineering) significantly increasing the amount of executable test cases.

For future iterations of this study we suggest to investigate the potential of fine-
tuning LLMs to translate the informal bug reports into formal test cases with a higher
rate of executable and valid test cases.

In our experiments bug reports where collected and directly used as prompt to
demonstrate the feasibility and applicability of our idea to address real software faults
reported by the users. Nevertheless, pre-processing the textual data might be beneficial
to keep ChatGPT focused on the main context of the bug report, therefore increasing the
executability and validity of the generated test case.

To fix a bug, the first step is to reproduce it with a bug-triggering test case which has
been proven feasible in our study. To reach to directly fix a newly reported bug, further
research should be made on how we can improve and automatically deploy APR tools
to not just automatically address the bug but fix it.

6 Conclusion

Large language models have recently gained substantial popularity, thanks to the public
release of ChatGPT, whose potential as a disruptive technology has been largely adver-
tised. The literature has empirically studied various capabilities of the inner language
model for various natural language processing tasks. In this work, we investigate the
feasibility of leveraging the inner language of the GPT model to translate informal bug



Leveraging Conversational Al for Accelerating User-Driven Software Testing 87

reports into formal test case specifications. The promising results, in terms of executabil-
ity (i.e., the test case is syntactically correct), and {validity} (i.e., the test case actually
makes the program fail), suggest that ChatGPT can “ understand” the semantics of bug
reports. This finding is essential as it opens new research directions with large language
models, towards automating test case generation with a human in the loop (for writing
bug reports).
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