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Abstract—In recent years, Automated Program Repair (APR)
techniques specifically designed for quantum programs have been
proposed. However, existing approaches often suffer from low
repair success rates or poor understandability of the generated
patches. In this study, we construct a framework in which
a large language model (LLM) generates code repairs along
with a natural language explanation of the applied repairs. To
investigate how the contextual information included in prompts
influences APR performance for quantum programs, we design
four prompt configurations with different combinations of static
information, dynamic information, and mutation analysis results.
Mutation analysis evaluates how small changes to specific parts of
a program affect its execution results and provides more detailed
dynamic information than simple execution outputs such as stack
traces. Our experimental results show that mutation analysis can
provide valuable contextual information for LLM-based APR of
quantum programs, improving repair success rates (achieving
94.4% in our experiment) and in some cases also improving the
quality of generated explanations. Our findings point toward new
directions for developing APR techniques for quantum programs
that enhance both reliability and explainability.

Index Terms—Quantum Programs, Automated Program Re-
pair, Mutation Analysis, Large Language Models, Explanation

I. INTRODUCTION

Quantum computing has drawn significant attention for its
potential to outperform classical machines on specific com-
putational tasks [1]. To harness the computational power of
quantum computers, developers must write quantum programs
that specify sequences of operations on quantum bits (qubits),
where each operation is called a quantum gate.

Similar to classical (non-quantum) programs, quantum pro-
grams also need to be debugged to ensure their correctness [2],
[3]. However, debugging quantum programs poses distinctive
challenges, as it involves quantum-specific concepts such as
superposition and entanglement [4], [5], [6]. Indeed, these
quantum-specific concepts lead to unique software engineering
challenges, such as quantum-specific technical debt [7], [8]
and code smells [9].

To assist developers in debugging quantum programs, re-
searchers have proposed automated program repair (APR)
techniques specifically designed for quantum software [10],
[11], [12]. The goal of APR is to generate patches that modify
buggy programs to pass all test cases in a given test suite [13].

Guo et al. [11] investigated the capability of ChatGPT [14] to
repair quantum programs. Their results showed that ChatGPT
could fix only 17% of complex bugs that involve implementing
quantum algorithms. Tan et al. [12] and Li et al. [10] proposed
APR techniques that generate quantum gates as repair patches
and insert them into quantum programs. The current state-
of-the-art approach, HornBro [12], has been shown to fix
more bugs than ChatGPT-based APR methods. However, this
improvement comes at the cost of increased program complex-
ity due to the insertion of additional gates. In one instance,
HornBro added up to 249 additional gates while fixing a
buggy program, negatively impacting the understandability
and maintainability of the repaired code [9]. In summary,
existing APR techniques for quantum programs suffer from
either (1) low repair success rates or (2) poor understandability
and maintainability of the repaired programs.

In this study, we aim to improve APR for quantum pro-
grams by incorporating insights from mutation analysis into a
large language model (LLM)-assisted repair process. Mutation
analysis evaluates how small changes to specific parts of a
program affect its execution results. For quantum programs,
mutation analysis combines classical mutation operators ap-
plicable to classical programs (e.g., replacing arithmetic op-
erators) with quantum mutation operations (e.g., adding and
deleting quantum gates) [15]. This approach has demonstrated
its effectiveness for testing [15], [16], [17], [18] and fault
localization [19]. In our experiments, each program is first
analyzed using mutation analysis. The LLM is then given
the buggy quantum program, its stack trace, and the mutation
analysis results as input to generate fixed code along with a
natural language explanation of the applied repair. Generat-
ing a natural language explanation alongside the fixed code
helps developers understand the intent and rationale behind
the repair, which cannot be easily inferred from the fixed
code alone. We hypothesize that mutation analysis results can
improve the repair success rate and help the model produce
richer explanations, as they provide more detailed dynamic
information than simple execution outputs, such as stack
traces. The research questions (RQs) are as follows:

RQI (Repair success rate) Can mutation analysis results
improve the repair success rate of buggy quantum pro-



grams?
RQ?2 (Quality of explanation) Can mutation analysis results
improve the quality of explanations generated by LLMs?

Our experimental setup includes 18 real-world buggy quan-
tum programs from the Bugs4Q dataset [20]. All of these pro-
grams are written in Python using Qiskit [21], a widely used
library for quantum programming. Throughout the experiment,
we use GPT-5 [22], a state-of-the-art LLM, as the base model
for generating the program repairs. For mutation analysis, we
employ QMutPy [15], a mutation testing framework designed
for quantum programs. We compared four prompt configura-
tions to analyze how different contextual information affects
repair performance. Our main contributions are as follows:

o We present the first empirical evidence that mutation
analysis can serve as a valuable signal for improving
LLM-based APR for quantum programs.

« We demonstrate that incorporating both dynamic runtime
information and mutation analysis results into the prompt
can yield a higher repair success rate.

« We show that incorporating mutation analysis results can
improve the quality of LLM-generated explanations by
making positional descriptions more accurate, complete,
and concise.

II. RELATED WORK
A. Automated Program Repair for Classical Programs

Among the APR techniques, learning-based repairs [23]
have recently gained attention, driven by rapid advances in
machine learning, particularly LLMs. Numerous studies for
LLM-based repairs highlight the importance of the contextual
information included in the prompts [24], [25], [26], [27]. For
example, InferFix [24] enhances prompts with static analysis
results and bug location, enabling the LLM to generate repairs
with explicit awareness of the bug type and its position in the
code. Ehsani et al. [27] enhance prompts by hierarchically
injecting bug-, repository-, and project-level knowledge to
provide broader and more relevant repair context.

Our work follows a similar line of research in investigating
the impact of prompts on the performance of LLM-based APR.
The novelty of our approach lies in augmenting prompts with
mutation analysis results that are effective for testing [15],
[16], [17], [18] and fault localization [19] for quantum pro-
grams. To the best of our knowledge, no prior work has
leveraged mutation analysis to enhance LLM-based APR of
either quantum or classical programs.

B. Automated Program Repair for Quantum Programs

Fixing bugs in quantum programs is challenging because
it requires domain-specific knowledge of quantum comput-
ing [4], [5], [6]. In a previous study, Guo et al. [11] used Chat-
GPT [14] to explore APR for quantum programs. Their results
showed that while ChatGPT successfully repaired 97% of clas-
sical (non-quantum) bugs in their dataset, it only managed to
repair 17% of quantum bugs. Li et al. [10] proposed UnitAR,
which repairs quantum programs by automatically generating

unitary operations. Tan et al. [12] proposed HornBro, which
removes faulty gates responsible for the bug and synthesizes
new ones to produce the correct behavior. Both UnitAR and
HornBro can be regarded as synthesis-based repair techniques
because they generate and insert new gates to fix buggy
programs. We chose an LLM-based repair approach for the
following reasons:

1) Unlike synthesis-based approaches, which are limited
to gate-related bugs, LLM-based approaches are more
flexible and can handle a wider range of bugs such as
API-related bugs, which are also commonly found in real-
world quantum programs [5].

2) Synthesis-based approaches increase the number of gates
in a quantum program, thereby increasing its complexity.
Avoiding excessive gate counts is recommended as a best
practice by Google Quantum AI [28] and has also been
identified as a type of quantum code smell [9].

Our approach not only instructs the LLM to generate minimal
repairs but also to provide natural language explanations for
them. Unlike other APR techniques for quantum programs,
this allows developers to examine and validate the rationale
and intent behind each change.

III. STUDY DESIGN

This section describes the design of our study, including
the benchmark, prompt configurations, and LLMs. Figure
1 provides an overview of our experimental process. Our
goal is to investigate how incorporating mutation analysis
results into LLM-based repair affects the repair success rate
and the quality of generated explanations. At a high level,
for each buggy program, we prepare four different prompt
configurations. The LLM is instructed to generate both the
fixed code and an explanation of the fix regardless of the
prompting configuration used.

A. Bug Benchmark

In this study, we use Bugs4Q [20], a benchmark of
real-world bugs in quantum programs implemented using
Qiskit [21]. It contains 42 buggy programs and their fixed
versions, collected from GitHub, Stack Overflow, and Stack
Exchange. We used Bugs4Q benchmark because it satisfied
the following criteria:

1) It contains bugs found in real-world quantum programs

written by human developers.

2) It includes test scripts to verify the behavior of both the

buggy and fixed code.

The first criterion is necessary to compare the LLM’s explana-
tions of the generated patches with the developers’ true intents
behind the repairs. The second criterion is essential to perform
mutation analysis and to verify whether the generated patches
are correct.

Among the 42 programs in Bugs4Q, we selected 18
programs as our experimental targets. First, we cloned the
replication package of Bugs4Q' and confirmed whether each

Thttps://github.com/Z-928/Bugs4Q-Framework
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Fig. 1: Overview of the experiment.

bug could be reproduced. Bugs4Q bugs exhibit two types of
symptoms: Throw Exception (TE) (e.g., an exception raised
by the Qiskit library) and Wrong Output (WO) (e.g., an
AssertionError triggered when the measured quantum state
differs from the expected state). 19 programs were excluded
because their bugs could not be reproduced. We also excluded
5 programs that did not satisfy either of the following criteria
necessary to construct the prompts used in our experiment:

1) At least one mutant must be generated when performing

mutation analysis.
2) The URL of the source repository must be accessible.

B. Prompt Construction

To investigate how the information included in prompts
influences APR performance for quantum programs, we design
the following four prompt configurations (see Figure 1):

o S: Static information only.

o S+D: Static and dynamic information.

e S+M: Static information and mutation analysis results.

e S+D+M: Static information, dynamic information, and

mutation analysis results.

We describe how each type of information is obtained below.
Static Information. We collected three types of static in-
formation: (1) buggy code obtained from Bugs4Q; (2) bug
descriptions obtained from the source URLSs; and (3) expected
behavior taken from the source URLs, describing the intended
correct program behavior. (2) and (3) were manually collected
by two authors, who inspected the source URLs of each bug
and extracted the necessary information. Any disagreements
were resolved through discussion to reach a consensus.
Dynamic Information. Dynamic information consists of the
execution results of buggy programs, including the error
message and the accompanying stack trace.

Mutation Analysis Results. We applied QMutPy [15] to
each buggy program to obtain the mutation analysis results.
QMutPy implements 20 classical and 5 quantum mutation
operators, including insertion, deletion, and replacement of
quantum gates, as well as insertion and deletion of quantum
measurements. Each mutation operation is applied to a single
location at a time. The mutation operators are applied repeat-
edly, producing multiple mutated programs (i.e., mutants) for
each quantum program. The original program’s test suite is
executed on all mutants to determine their outcomes. We refer
to the resulting collection of data as the mutation analysis
results, which includes the following information for each
applied mutation operation:

o line_number: The line number where the mutation oper-

ation was applied.

o mutation_operator: The name of the mutation operator

applied to the program.

o exception_traceback: The traceback output when a test

execution for the mutant fails.

o status: The result of the mutation test, categorized into

one of the following: (1) killed, at least one test produces
a different outcome; (2) survived, no change in test out-
come; (3) incompetent, non-viable mutant (e.g., compile
error, crash); (4) time_out, execution exceeded the time
limit (e.g., infinite loop).

The system prompt is shared across all four prompt config-
urations. It provides detailed instructions on how to interpret
and use each piece of information included in the prompt, as
well as the strict output format to follow. All prompts used in
our study are available in our replication package [29].

C. LLM

In this study, we used the state-of-the-art GPT-5 via the
OpenAl API with default settings. Because LLMs are stochas-
tic and may produce different outputs for the same input, we
generated outputs five times for each prompt configuration.
Consequently, we obtained a total of 18 programs x 4 prompt
configurations x 5 generations = 360 generated repairs and
their corresponding explanations.

D. Evaluation Metrics

(RQ1) Repair Success Rate. We count a repair as successful
if the generated code passes all the tests provided in Bugs4Q.
The repair success rate is defined as the proportion of the 18
programs for which at least one of the five repair attempts was
successful.
(RQ2) Quality of Explanation. The LLM-generated expla-
nations may describe the cause of the bug, the location of
the repair, and the rationale behind the repair. To evaluate
these explanations, we adopt three core elements of patch
explanations [30]: (1) Position — where the bug occurs; (2)
Cause — why the bug occurs; (3) Change — how the bug is
repaired. The quality of explanations is evaluated using three
criteria proposed in previous work [31], [32]:

e Correctness: Is the explanation accurate with respect to

the ground-truth fixed code?



o Completeness: Does the explanation fully describe all

changes in the patch?

o Complexity: Does the explanation contain unnecessary

complexity?

For each of the three explanation elements (Position, Cause,
Change), we evaluate whether it satisfies each of the three
criteria (Correctness, Completeness, Complexity) through a bi-
nary judgment (yes/no). For example, given an LLM-generated
explanation, we evaluate the Position element by answering
the following three questions: 1) does the explanation correctly
explain the position of the bug?, 2) is the explanation complete
and mentions all locations that were modified for the repair?,
and 3) does the explanation include unnecessary complexity to
explain the location of the bug?

Evaluating the three elements of patch explanation (Posi-
tion, Cause, Change) therefore resulted in 9 (3 elements x 3
criteria) total binary evaluations per explanation generated by
the LLM. We only considered the first generated repair patch
among the five produced for each prompt, resulting in a total
of 72 explanations. Two authors independently assessed each
explanation, resolving any disagreements through discussion.

IV. RESULTS

We ran all experiments on simulators on classical computers
due to the limited availability of quantum hardware and the
innate instability of quantum computing posing a challenge
for the reproducibility of our experiment.

A. RQI: Can mutation analysis results improve the repair
success rate of buggy quantum programs?

Table 1 shows the repair success rates for each prompt
configuration and bug type. The “Total” column reports the
repair success rate across all 18 programs, while the “TE”
and “WO” columns show those for each bug type (eight and
ten programs, respectively). Out of 18 programs, 17 of them
could be repaired by at least one prompt configuration.

Mutation analysis results are most effective when used
in combination with dynamic information. Among all
prompt configurations, S+D+M achieved the highest repair
success rate at 94.4% in total. When considering only WO
bugs, S+D+M successfully repaired all programs. Interest-
ingly, S+M achieved a lower total repair success rate than
S+D. Because mutation analysis requires running tests, the
availability of M implies that D is also available. Thus, the
lower success rate of S+M is not concerning, as S+D+M
can easily be constructed in such cases. In contrast, for

TABLE I: Repair success rates by prompt configuration and
bug type. WO: Wrong Output, TE: Throw Exception. The
maximum value in each column is highlighted in bold.

Prompt Total [%] WO [%] TE [%]
S 77.8 70.0 87.5
S+D 88.9 90.0 87.5
S+M 83.3 80.0 87.5
S+D+M 94.4 100.0 87.5

TE bugs, the set of successfully repaired programs (seven
out of eight) was identical across all prompt configurations.
This indicates that dynamic information and mutation analysis
results have no impact on buggy code in this category. For WO
bugs, the program executes without crashing, making runtime
information such as mutation analysis results helpful for repair.
For TE bugs, the program terminates with an error, making the
bug evident and static information alone sufficient.

Answer to RQ1: Combining dynamic information with
mutation analysis results is most effective, yielding a total
repair success rate of 94.4%. It also achieved a 100%
repair success rate for the bug type of the Wrong Output.

B. RQ2: Can mutation analysis results improve the quality of
explanations generated by LLMs?

Table II reports how many of the 18 programs satisfy each
criterion for each prompt configuration. The two evaluators
agreed on 79.2% of the evaluations (513 out of 648 = 72
explanations x 9 evaluation items), and Cohen’s « [33] was
0.48, indicating moderate agreement [34]. This value is com-
parable to the £ = 0.55 reported in prior work [35] evaluating
LLM-generated explanations for fault localization.

TABLE II: Quality of explanation for each prompt configura-
tion. 1 (J) indicates that a higher (lower) value is better. The
best value in each row is highlighted in bold.

Criterion Element S S+D S+M  S+D+M
Correctness (1) Position 12 12 13 14
Cause 14 13 12 12
Change 7 9 5 7
Completeness (1)  Position 13 15 12 15
Cause 18 15 16 15
Change 13 16 13 16
Complexity ({) Position 2 2 1 1
Cause 2 2 1 1
Change 8 7 8 6

From the bolded values in Table II, S+D+M achieved
the best scores in six out of nine evaluation items, in-
dicating that this prompt configuration produces better
explanations compared to other prompts. In particular,
for the position element, S+D+M achieved the best scores
across all criteria, indicating that this prompt configuration
is especially effective at positional explanations, leveraging
dynamic information and mutation analysis results. On the
other hand, S+D+M is less effective for the cause element. For
this element, the best scores in correctness and completeness
were achieved by the prompt configuration S. One possible
reason is that most of the information relevant to the cause of
the repair is already contained in the static information. Muta-
tion analysis results are more effective for detailed positional
explanations than for explaining the cause of the bug.



Answer to RQ2: Mutation analysis results combined
with dynamic information achieved the best scores in
six out of nine evaluation items by making positional
descriptions more accurate, complete, and concise.

V. DISCUSSION
A. Unique Successful Repairs Across Prompt Configurations

Since RQ1 showed the effectiveness of dynamic information
and mutation analysis results, we further investigate which
programs particularly benefit from these components. Fig-
ure 2 shows the number of programs fixed by each prompt
configuration. While all configurations repair 14 of the 18
buggy programs, the S+D+M configuration is the only one that
succeeds in repairing 17 programs. This indicates that dynamic
information and mutation analysis results did not hinder repair
effectiveness, as the S+D+M configuration encompasses all
successfully repaired programs. Our results demonstrate that
mutation analysis can enhance the effectiveness of LLM-based
APR for real-world buggy quantum programs, providing a
concrete benefit.
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Fig. 2: Successful repairs by prompt configuration.

B. Future Research Plan

(1) Exploring Additional Contextual Information. One
limitation of our study is that it applies only to quantum
programs for which mutation analysis can be performed. For
three programs, we were unable to generate any mutants even
though the mutation tool execution was successful. To address
this limitation, we plan to incorporate additional types of
contextual information (e.g., relevant sections of the Qiskit
documentation) alongside mutation analysis results.

(2) Identifying Domain Knowledge Gaps. As another di-
rection for future work, we plan to explore how LLM-
generated explanations can help developers identify gaps in
their quantum-specific knowledge. A prior survey shows that
contributors to quantum open-source software (OSS) often
lack sufficient understanding of physics and quantum comput-
ing [4]. Our workflow could help developers recognize such
gaps through explanations generated during the repair. To val-
idate the practical utility of this approach, we plan to conduct
surveys with OSS developers. While LLM-based explanations
of quantum algorithms have shown promise [36], explanations
derived from program repair represent an unexplored avenue.

VI. THREATS TO VALIDITY

Construct Validity. In RQ1, we defined a successful repair
as one that passes all tests, but this does not guarantee that
the repair fully matches the developer’s intended modification.
This may affect the validity of the reported repair success rate.
Internal Validity. Due to the stochastic nature of GPT-5,
the same prompt does not necessarily yield identical results.
Although we generated five outputs for each prompt con-
figuration, the inherent variability of LLM outputs may still
influence the findings. In RQ2, two authors manually evaluated
the quality of the explanations to mitigate subjectivity. How-
ever, some degree of subjective judgment is unavoidable, and
misclassifications may have occurred due to limited domain
knowledge in quantum programming.

External Validity. This study was conducted using quantum
programs on the Qiskit simulator, and it is unclear whether
similar results would be obtained on actual quantum comput-
ers. Since our investigation is limited to a single benchmark
(Bugs4Q) and a single quantum framework (Qiskit), a full
validation using a wider range of experimental subjects (i.e.,
different bug benchmarks, other frameworks, or LLMs other
than GPT-5) is needed.

VII. CONCLUSION

In this study, we demonstrated the effectiveness of incorpo-
rating mutation analysis results into prompts for LLM-based
APR of quantum programs using real-world bug benchmarks.
From our experiment, we find that the S+D+M prompt config-
uration, which includes static information, dynamic informa-
tion, and mutation analysis results, achieves the highest repair
success rate of 94.4%. We also find that explanations generated
using S+D+M exhibit the lowest complexity while providing
accurate, complete, and concise descriptions of bug positions.
These results indicate that combining mutation analysis results
with dynamic information can improve both the repair success
rate and the quality of LLM-generated explanations. This work
presents the first empirical evidence that mutation analysis can
serve as valuable context information for improving LLM-
based APR of quantum programs. These results point toward
new directions for developing APR techniques for quantum
programs that enhance both reliability and explainability.

VIII. DATA AVAILABILITY

All data, benchmarks, scripts, and prompts used in this study
are publicly available in our replication package [29].
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