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Abstract

The growing maturity of quantum computing has led to increas-
ingly complex software ecosystems spanning frameworks, compil-
ers, simulators, and application-level programs. Despite this rapid
growth, the community still lacks a realistic benchmark for evalu-
ating automated quantum bug fixing under quantum-specific cor-
rectness requirements, such as stochastic outputs, tolerance-based
equivalence, and environment-sensitive execution. To bridge this
gap, we present QBench, an end-to-end benchmark for evaluating
automated repair of real-world quantum software bugs. QBench
consists of two complementary tracks: RepoTrack, which targets
defects in quantum software infrastructure and repositories, and
ScriptTrack, which targets bugs in user-facing quantum programs
and experimental workflows. Each benchmark instance provides
a reproducible bug-fixing task together with the execution envi-
ronment, correctness oracle, and evaluation protocol required to
validate candidate repairs, enabling standardized assessment of re-
pair systems under realistic development settings. QBench supports
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deterministic, tolerance-aware, and probabilistic correctness ora-
cles, enabling reliable evaluation under realistic quantum execution
semantics. Using QBench, we conduct a large-scale empirical study
of automated quantum software repair and analyze the challenges
faced by representative repair approaches. Our results show that sto-
chastic correctness criteria, environment fragility, and cross-layer
defects remain major obstacles to successful repair, highlighting the
unique difficulties of maintaining and repairing quantum software.
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Figure 1: The overall workflow of QBench.

1 Introduction

The growing maturity of quantum computing [14, 15] has led to
increasingly complex software ecosystems spanning programming
frameworks [45], compilation and transpilation toolchains [41], sim-
ulators, differentiable programming systems [18], and application-
level programs [3, 25]. As quantum software becomes a critical
component of the computing stack, ensuring its reliability is in-
creasingly important. Software defects in quantum systems can
silently distort scientific conclusions, invalidate benchmarking re-
sults, and propagate errors across multi-stage compilation and exe-
cution pipelines [27].

Meanwhile, the software engineering community has increas-
ingly adopted end-to-end benchmarks for evaluating automated
bug fixing, from traditional program repair techniques to recent
LLM-based repair agents [9, 10, 36]. These benchmarks formulate
realistic bug-fixing tasks together with executable evaluation proto-
cols, enabling reproducible assessment of repair effectiveness and
accelerating progress in automated software maintenance [9, 17].
However, quantum software remains largely absent from this eval-
uation landscape. Existing research on quantum software reliability
has primarily focused on testing and debugging [7, 28, 34, 43], while
resources for evaluating automated quantum bug repair remain lim-
ited, fragmented, and difficult to compare reproducibly [2]. There-
fore, there is currently no standardized benchmark that enables
systematic evaluation of automated repair techniques on real-world
quantum software bugs.

More importantly, evaluating repair for quantum software can-
not be reduced to directly applying existing benchmark designs.
Many assumptions underlying classical repair evaluation do not
hold in quantum settings [16, 19, 44]. (i) Correctness is often proba-
bilistic rather than deterministic, since many quantum programs
produce measurement distributions rather than fixed outputs [7,
26, 34]. (ii) Correctness frequently relies on tolerance-based equiva-
lence, such as expectation values, numerical stability, and floating-
point computations [40]. (iii) Quantum software stacks are highly
sensitive to dependency versions, simulator backends, and exe-
cution environments, making reproducibility substantially more
challenging than in conventional software systems [12, 25]. (iv)
Many defects arise from interactions across multiple layers of the

software stack, including compilers, simulators, and application-
level programs [27, 34]. These characteristics require evaluation
protocols that go beyond the deterministic assumptions adopted
by most existing repair benchmarks.

To address these challenges, we present QBench (as shown in Fig-
ure 1), a benchmark for evaluating automated repair of real-world
quantum software bugs. QBench comprises two complementary
tracks. RepoTrack focuses on defects in quantum software infras-
tructure, including compilers, simulators, and supporting libraries,
while ScriptTrack focuses on bugs in user-facing quantum programs
and experimental workflows. Each benchmark instance is formu-
lated as an executable bug-fixing task with a reproducible execution
environment, a correctness oracle, and standardized validation tests,
enabling end-to-end assessment of automated repair systems.

A key aspect of QBench is its support for both deterministic
and quantum-specific probabilistic correctness oracles. Beyond con-
ventional test-based validation, QBench supports tolerance-aware
and probabilistic correctness criteria through repeated execution
and statistically robust evaluation procedures. This design enables
realistic evaluation under quantum execution semantics while main-
taining reproducibility across benchmark instances.

We use QBench to conduct a comprehensive study of automated
quantum software repair. We evaluate representative repair ap-
proaches, including modern LLM-based repair agents and conven-
tional baselines, and analyze the factors that most strongly affect
repair performance. Our results show that stochastic correctness
criteria, environment fragility, and cross-layer defects remain ma-
jor obstacles for existing repair systems, highlighting the unique
challenges of automated quantum software repair and motivating
future research on quantum-aware repair techniques.

We summarize the main contributions of this paper as follows.

e We present QBench, an end-to-end benchmark for automated
quantum software repair. QBench contains 520 real-world
bug-fixing tasks collected from 129 quantum software repos-
itories, covering both repository-level infrastructure defects
(RepoTrack) and script-level application bugs (ScriptTrack).
We publicly release the benchmark and evaluation frame-
work to support reproducible research!.

!https://github.com/Secbrain/QBench
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e We develop a quantum-aware evaluation framework that
supports deterministic, tolerance-aware, and probabilistic
correctness oracles, enabling reliable assessment of bug fixes
under realistic quantum execution semantics.

e We conduct a comprehensive empirical study of automated
quantum software repair, benchmarking representative re-
pair approaches and analyzing the impact of oracle seman-
tics, environment sensitivity, and bug characteristics on re-
pair performance.

2 Related Work

2.1 Program Repair Benchmarks

Benchmark datasets have played a central role in the development
and evaluation of automated program repair techniques. Widely
used benchmarks such as Defects4] [10], Bugs.jar [32], Bears [24],
and QuixBugs [20] have enabled systematic evaluation of search-
based and learning-based repair approaches [13, 21, 22]. More re-
cent benchmarks, including SWE-bench [9], further increase re-
alism by evaluating repair in repository-level settings with build
systems, dependencies, and executable tests. However, existing
repair benchmarks are primarily designed for classical software
and typically assume deterministic correctness criteria. In contrast,
QBench extends benchmarking to quantum software, where cor-
rectness may be probabilistic, tolerance-based, and sensitive to
execution environments.

2.2 LLM-Based Automated Repair

Recent advances in large language models (LLMs) have significantly
improved automated program repair through code generation, iter-
ative refinement, and tool-augmented reasoning [38, 39, 42]. These
methods have demonstrated promising performance on both tra-
ditional repair benchmarks and repository-level tasks [8, 9, 31].
Rather than introducing a new repair approach, QBench provides a
benchmark specifically designed to evaluate repair systems in quan-
tum software settings and to characterize the challenges unique to
quantum bug fixing.

2.3 Quantum Software Testing and Debugging

A growing body of research has investigated techniques for improv-
ing the reliability of quantum software, including property-based
testing [6, 26, 29], differential testing [34], fuzzing, metamorphic
testing, and automated debugging [7, 28, 30, 35]. These studies pri-
marily focus on detecting, localizing, and reproducing defects. By
contrast, QBench targets the downstream repair problem, providing
standardized tasks and evaluation protocols for assessing whether
automated methods can successfully generate correct bug fixes.

2.4 Quantum Bug Datasets

Several studies have analyzed bug characteristics, defect taxonomies,
and reliability challenges in quantum software ecosystems [2, 3, 27,
44]. These efforts provide valuable insights into the nature of quan-
tum software defects and have helped establish the foundations of
Quantum Software Engineering. However, they are not designed as
executable repair benchmarks and therefore do not support end-to-
end evaluation of automated repair systems. QBench builds upon
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these empirical findings by transforming real-world quantum bugs
into reproducible repair tasks with standardized evaluation proto-
cols, enabling systematic comparison of repair approaches.

3 Dataset Construction

QBench is constructed from real-world quantum software bugs col-
lected from public quantum software repositories. Our objective is
not only to curate representative bug-fixing tasks, but also to ensure
that each task can be evaluated reproducibly under the correctness
semantics of quantum software. To this end, we adopt a multi-stage
construction pipeline that transforms bug-fixing events into exe-
cutable repair tasks while enforcing environment reproducibility,
oracle reliability, and contamination control. Although RepoTrack
and ScriptTrack target different classes of defects, both tracks follow
the same construction and evaluation workflow. Figure 2 provides
an overview of the pipeline.

3.1 Mining Real-World Quantum Bugs

We begin by curating a pool of open-source quantum software
repositories spanning the major layers of the ecosystem, including
programming frameworks, compilation and transpilation toolchains,
simulators, differentiable programming systems, and application-
level projects. To ensure both representativeness and executability,
repositories are required to satisfy three criteria: (i) public availabil-
ity with accessible version-control history, (ii) evidence of active
software engineering practices such as issue tracking, pull requests,
or testing infrastructure, and (iii) runnable artifacts that enable bug
reproduction under controlled environments.

From this repository pool, we identify bug-fixing events using
multiple complementary signals, including fix-related commit mes-
sages and pull requests, linked issue reports, CI outcomes, and
documented runtime failures. Each candidate is normalized into a
bug-fix pair {cpug, cfix), Where cpyg denotes the buggy revision and
cfix denotes the corresponding fixing revision. For multi-commit
fixes, we preserve the minimal bug-fixing change while maintaining
links to the original development history for traceability.

3.2 Repair Task Construction

Each bug-fix pair is transformed into an executable repair task
rather than being released as a raw patch. A QBench instance pack-
ages all artifacts required for bug reproduction and repair validation,
including the buggy revision, the corresponding fixing patch, a cor-
rectness oracle, a reproducible execution environment, and optional
contextual information such as issue reports, stack traces, execu-
tion logs, and reproduction instructions. Formally, a repair instance
is represented as I = (R, Chug, C, 0,8, p*), where R denotes the
repository, cpug the buggy revision, C the contextual information,
O the correctness oracle, & the execution environment, and p* the
developer bug-fixing patch.

To support reproducible evaluation, every instance follows a
standardized packaging specification. The package records prove-
nance information, execution commands, oracle configurations,
environment dependencies, and evaluation constraints, allowing
different repair systems to be evaluated under identical conditions.
Listing 1 shows the canonical organization of QBench, including
benchmark releases, repair instances, and evaluation infrastructure.
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Figure 2: Construction pipeline of QBench.

Table 1: Statistics of QBench.

Statistic RepoTrack ScriptTrack
# Instances 264 256
# Repositories Covered 55 74
Median Files Changed 3 1
Median Lines Changed 34 12
Mean Lines Changed 58.7 19.4
Cross-Module Patches 0.47 0.18
Deterministic-Oracle Fraction 0.56 0.61
Probabilistic/Tolerance Fraction 0.44 0.39
Median Oracle Repetitions 5 3
Estimated Flakiness Rate 0.21 0.11

Each repair instance is further described through a machine-
readable manifest that specifies provenance information, execution
commands, oracle parameters, and environment configurations.
Listing 2 illustrates an example manifest used by QBench.

3.3 Oracle and Environment

A key challenge in benchmarking quantum software repair is that
correctness is often influenced by both execution environments and
quantum-specific program semantics. Small changes in simulator
versions, compiler toolchains, numerical libraries, or dependency
stacks can alter program behavior and compromise reproducibility.
To mitigate these effects, each QBench instance includes a fully
specified execution environment with pinned dependencies and
reproducible environment specifications.

Beyond environment control, QBench supports heterogeneous
correctness semantics through the following evaluation oracles.

e Deterministic oracles, including unit tests, exception checks,
API contracts, and exact-output validation.

e Tolerance-aware oracles, which assess approximate nu-
merical equivalence using predefined acceptance thresholds.

e Probabilistic oracles, which evaluate correctness based on
repeated executions and statistical properties of quantum
measurement outcomes.

To ensure reliable evaluation, probabilistic and tolerance-aware
oracles undergo a stabilization process involving repeated execu-
tion, robust acceptance criteria, and flakiness auditing. Instances
that cannot reliably distinguish buggy and fixed behavior are ex-
cluded from the benchmark.

3.4 Quality Assurance

Every candidate instance must satisfy a series of quality checks
before inclusion in QBench.
Build Validity. The buggy revision must build, install, and execute
successfully under the specified environment.
Oracle Validity. The correctness oracle must reliably distinguish
buggy and fixed behavior: Eval(cyug) = fail A Eval(cyug+p*) = pass.
Instances that do not satisfy this criterion are excluded.
Task Validity. We exclude documentation-only changes, pure
refactorings, and other modifications that do not correspond to
meaningful bug-fixing behavior.
Execution Isolation. Instances are validated to prevent state
leakage across runs. Sources of nondeterminism must be explicitly
captured and stabilized by the oracle specification.

We also ensure that repair systems are not allowed to modify
benchmark infrastructure, evaluation harnesses, or oracle artifacts
unless explicitly permitted by a separate evaluation setting.

3.5 Deduplication and Contamination

To prevent inflated evaluation results, we perform deduplication at
multiple levels, including provenance-level duplicates, near-identical
patches, and semantically equivalent repair instances. We further
provide contamination controls through temporal splits, repository-
disjoint splits, and provenance metadata that record commit identi-
fiers, pull requests, and fix dates.

Listing 1: Canonical organization of QBench.

gbench/
releases/
v1.0.0/ # frozen benchmark
instances/
RepoTrack/
QB-000123/
manifest.yaml
context/
oracle/
env/
ScriptTrack/

release

framework/
oracles/
runners/

outputs/

Each release of QBench is associated with immutable reposi-
tory revisions, oracles and environment specifications, ensuring
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reproducibility and comparability across studies. A continuous val-
idation pipeline periodically re-executes benchmark instances to
detect environment drift and reproducibility regressions.

Table 1 summarizes the evaluated release used in this paper. The
release contains 520 repair tasks collected from 129 quantum soft-
ware repositories, including 264 RepoTrack instances and 256 Script-
Track instances. RepoTrack generally contains more cross-module
fixes, while ScriptTrack primarily consists of localized application-
level defects. Notably, both tracks contain a substantial fraction of
probabilistic and tolerance-aware oracles, highlighting the impor-
tance of quantum-aware evaluation protocols.

Listing 2: Example manifest.yaml for a repair instance.

id: QB-000123
track: RepoTrack
repo:
name: qgiskit
url: https://github.com/Qiskit/qgiskit
revision:
bug: <sha_bug>
fix: <sha_fix>
provenance:
pr_url: <optional>
issue_url: <optional>
fix_date: YYYY-MM-DD
patch:
path: patch.diff
files_touched: 3
lines_changed: 31
oracle:
type: probabilistic # {deterministic,
tolerance, probabilistic}

command: "bash_reproduce/run.sh"

params:
repeats: 5 # K
shots: 4096 # S (if applicable)
metric: tvd # {tvd, hellinger, jsd}
delta: 0.05
quorum: null # or a voting threshold

rho
env:

kind: docker
dockerfile: env/Dockerfile
python: "3.10"
timeout_sec: 1200
harness:
interface: [setup, apply_patch, evaluate]
no_test_modification: true

4 QBench Benchmark Tasks

4.1 Task Formulation

QBench evaluates end-to-end automated repair of real-world quan-
tum software bugs under realistic development settings [9]. Similar
to modern software repair benchmarks [5, 10, 37], each benchmark
instance represents an executable bug-fixing task that can be eval-
uated reproducibly.

A repair instance in QBench is represented as

I = <'R, Cbug> C,0, 8’p*> (l)
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where R denotes the repository or project, ciug the buggy revi-
sion, C the available problem context, O the correctness oracle, &
the execution environment, and p* the developer-authored bug-
fixing patch [5, 10].

The problem context C may include issue reports, pull-request
descriptions, execution logs, stack traces, reproduction instructions,
and related discussions when available [9]. Given an instance 7, an
automated repair system generates a candidate patch p, which is
applied to the buggy revision and evaluated through the harness.

A repair attempt is considered successful if the resulting program
satisfies the associated correctness oracle:

Eval(cyug + p) = pass (2)

The evaluation function Eval executes the repair under the spec-

ified environment and determines whether the generated patch
resolves the bug according to the oracle specification [9, 10].

4.2 Benchmark Tracks

QBench consists of two complementary tracks that capture distinct
quantum software repair scenarios. Figure 3 illustrates the scope
and characteristics of each track.

Repository-Level Track (RepoTrack). RepoTrack focuses on de-
fects in quantum software infrastructure, including libraries, SDKs,
compilers, transpilers, simulators, and other supporting compo-
nents. These instances frequently require repository-level reason-
ing, cross-module modifications, and interaction with complex build
and testing workflows [5, 9].

Script-Level Track (ScriptTrack). ScriptTrack focuses on user-
facing quantum programs and experimental workflows, including
algorithm implementations, benchmark scripts, variational training
pipelines, and application-level analyses. These instances are typ-
ically more localized and emphasize domain-specific correctness,
API usage, and experimental assumptions [43].

4.3 Oracle Semantics

Correctness in quantum software often extends beyond determin-
istic pass/fail behavior. To accommodate the diverse semantics of
quantum programs, QBench supports multiple classes of correctness
criteria [1].

Depending on the benchmark instance, correctness may be de-
fined through deterministic tests and assertions [5, 36], numerical
tolerance checks [43], or probabilistic validation of quantum mea-
surement outcomes [28, 34]. These oracle semantics capture the
heterogeneous correctness requirements encountered in real-world
quantum software and form the basis of benchmark evaluation.

5 Evaluation

This section describes the evaluation protocol, compared systems,
model coverage, and fairness controls used to benchmark auto-
mated repair on QBench. Following prior large-scale repair bench-
marks [9, 38], our goal is not only to report aggregate success rates,
but to enable a diagnostic and reproducible comparison across re-
pair paradigms under realistic constraints. To disentangle genuine
repair from oracle manipulation, we evaluate controlled variants
including allowing test edits, removing issue context, and limiting
oracle feedback [9, 33, 39].
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5.1 Evaluation Protocol

Each benchmark instance is defined as 7 = (R, cpug, C, O, &, p*),
where R is the repository, cpuy the buggy snapshot, C the task con-
text, O the correctness oracle, & the pinned execution environment,
and p* the developer fix.

Given an instance 7 and a fixed resource budget, a repair system
generates a candidate patch p. The benchmark harness evaluates
the patch by executing the associated oracle under the specified
environment:

Eval(R, cpug, p O, E) € {pass, fail} (3)

Results are reported separately for RepoTrack and ScriptTrack,
as well as in aggregate, following common practice in software
repair benchmarking [5, 9, 10].

Repetitions and Randomness. For deterministic instances, can-
didate patches are evaluated once unless environment-induced
nondeterminism is observed [23]. For probabilistic and tolerance-
aware instances, evaluation follows the instance-specific repetition
and sampling budgets (K, S), and robust success criteria are applied
to mitigate stochastic variability [4].

Timeouts and Resource Limits. We enforce per-instance lim-
its on wall-clock time, CPU and memory consumption, and GPU
resources when applicable. All evaluations are conducted within
containerized environments to ensure comparability across sys-
tems [9].

No-Test-Modification Setting. Unless otherwise specified, re-
pair systems may modify only project source code and configura-
tion files. Modifications to benchmark infrastructure, harnesses,
or oracle artifacts are disallowed to prevent overfitting and oracle
manipulation [9, 33].

5.2 Compared Systems

We evaluate conventional program repair baselines and LLM-based
repair agents. The former serve as sanity checks, while the latter
constitute the primary focus of our study.

5.2.1 Conventional Baselines. To contextualize LLM-based perfor-
mance, we include representative conventional baselines. (i) Edit
localization with heuristic templates [11], which applies common fix
patterns (e.g., missing imports or argument mismatches) guided by
failure localization. (ii) Search-based automated program repair [36],
which explores candidate patches via mutation operators under

oracle feedback with bounded search. These baselines are not in-
tended to represent state-of-the-art performance, but to identify
instances solvable by shallow or non-semantic fixes.

5.2.2 LLM-Based Repair Agents. Our primary evaluation focuses
on LLM-based repair agents. Given repository context C and code
at R@cpug, an agent proposes a candidate patch and may iteratively
refine it using oracle feedback [9, 38, 39].

Model Coverage. We evaluate a broad and representative set of
contemporary LLMs spanning proprietary and open-weight fami-
lies, general-purpose and code-specialized variants, and multiple
model scales. Models are grouped into four categories: general fron-
tier models, code-specialized models, efficiency-oriented models,
and open-weight models. The exact model list is frozen per eval-
uated release and reported in Table 2, while the harness supports
adding new models under identical settings [9].

Agent Scaffolding. All models are evaluated under a unified
agent scaffolding that standardizes prompts, repository context
formatting, tool access, iteration limits, and stopping criteria. This
design isolates model capability from orchestration effects and
enables fair comparison across heterogeneous models [39].
Interaction Modes. We evaluate both one-shot patching, where
a single patch is proposed without oracle execution, and iterative
repair, where the agent may execute the oracle up to B times and
refine patches using observed feedback [39]. The iterative setting
reflects practical repair workflows and is particularly relevant for
repository-level instances with complex dependencies [9].

5.3 Context and Tool Permissions

To mitigate confounds arising from uncontrolled context or tool
usage, we enforce a shared fairness envelope across all LLM-based
systems [9].

Context Budget. Agents are provided with issue or pull-request
descriptions when available, failing commands and summarized
logs, repository structure metadata (excluding ground-truth patch
information), and optional retrieval access for repository search. To-
tal context length is capped uniformly across models using identical
truncation and summarization rules [9, 39].

Tool Access and Sandboxing. Agents may invoke a restricted set
of deterministic tools, including run_oracle, run_tests, grep/search,
and apply_patch. All execution occurs in a sandboxed environment
without network access to ensure reproducibility and prevent data
leakage [9]. Tool outputs are normalized to reduce spurious nonde-
terminism.
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Table 2: Evaluated model suite for the frozen QBench release.
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Table 3: Pass@1 success rates for all evaluated repair systems.

Category Models Notes

GPT-4o0; State-of-the-art general-purpose
Claude-3.5-Sonnet; models, representing the upper
Gemini-2.5-Pro bound of LLM capability
DeepSeek-Coder; Models optimized for code
Qwenz2.5-Coder; understanding and repository-
Codestral-22B level reasoning
Efficiency-oriented models used
to study performance-cost trade-
offs

Open-weight models evaluated
under identical settings for
transparency

General frontier LLMs

Code-specialized LLMs

GPT-40-mini;

Efficient / smaller models DeepSeek-Coder-1.3B

LLaMA-3.1-Instruct;

Open-weight models DeepSeek-R1

Budget Constraints. Each instance is evaluated under fixed bud-
gets on oracle executions B, wall-clock time, and (when applicable)
model token usage. Budgets are track-specific to reflect differing
computational demands, and results are reported at multiple budget
levels to characterize scaling behavior [9, 39].

5.4 Experimental Metrics

We report multiple metrics to characterize repair effectiveness.
Primary Metric. Pass@1 success rate measures the fraction of
instances solved within the given budget using a single final patch
submission [5, 9, 36].

Anytime Performance. For iterative agents, we report success
rates under different oracle-call budgets. An instance is considered
solved under budget B if the agent produces a patch that passes the
oracle within at most B oracle calls. This metric captures conver-
gence speed under oracle-guided repair [39].

Robust Success under Probabilistic Oracles. For probabilis-
tic instances, a patch is considered successful only if it satisfies
the robust oracle definition. We additionally report empirical pass
probabilities under repeated evaluation [4, 5].

5.5 Benchmark Packaging and Model List

To support comparable evaluation across systems and over time,
each instance includes an explicit reproducibility environment. (i)
Pinned environment. A concrete specification of interpreter/runtime
version, dependencies, and OS/container image [9, 10, 37]. (ii) Deter-
ministic controls. Standardized seeds and configuration for pseudo-

randomness where applicable [4, 23]. (iii) Executable protocol. Machine-

readable commands for setup, execution, and oracle evaluation [5,
9, 10]. (iv) Isolation. Execution in a sandboxed workspace to avoid
leaking state across instances [9]. Each instance is distributed as
a self-contained bundle with a standardized directory layout and
a machine-readable manifest [5, 10, 37]. Conceptually, the mani-
fest exposes identifiers and metadata (project, revision, track, tags);
setup commands (environment creation/build); reproduction and
evaluation commands; oracle parameters (type, repetitions, thresh-
olds, timeouts); optional context payloads (issue text, stack traces,
failing logs). We evaluate a fixed set of ten representative large
language models that together span current capability frontiers,
code-specialized variants, efficiency-oriented models, and open-
weight alternatives. As shown in Table 2, this selection balances
coverage and clarity, enabling meaningful comparison without ex-
cessive redundancy. For each evaluated release, the model list is
frozen and all provenance information (provider version identifiers,

System RepoTrack ScriptTrack Overall
Conventional baselines

Heuristic templates 7.3% 14.6% 10.9%
Search-based APR 11.8% 22.4% 17.1%
Efficient / smaller LLMs

GPT-40-mini 19.4% 33.1% 26.3%
DeepSeek-Coder-1.3B 17.6% 29.8% 23.7%
Code-specialized LLMs

DeepSeek-Coder 25.1% 43.7% 34.4%
Qwen2.5-Coder 26.4% 44.2% 35.3%
Codestral-22B 27.9% 45.1% 36.5%
General frontier LLMs

Gemini-2.5-Pro 34.1% 58.2% 46.2%
Claude-3.5-Sonnet 36.8% 60.9% 48.8%
GPT-40 38.6% 61.7% 50.1%
Open-weight LLMs

LLaMA-3.1-Instruct 21.9% 36.4% 29.1%
DeepSeek-R1 29.6% 49.8% 39.7%

decoding parameters, agent configuration, and tool-call budgets) is
recorded. All models are evaluated under identical agent scaffolding
and pinned container environments, and intermediate traces are
retained to support auditing and re-evaluation.

6 Evaluation Results

This section presents the experimental results on QBench. Specifi-
cally, we first report quantitative results under the evaluation pro-
tocol defined in § 5, and then analyze the observed trends to surface
quantum-specific challenges and implications. All results corre-
spond to the frozen benchmark release used for evaluation.

6.1 Program Repair Effectiveness

We first report pass@1 success rates for all evaluated repair systems,
including conventional baselines and individual LLM variants. Ta-
ble 3 summarizes results across RepoTrack and ScriptTrack. Three
key findings emerge. First, all LLM-based systems consistently out-
perform conventional baselines, indicating that most quantum bugs
in QBench require semantic reasoning beyond shallow heuristics.
Second, even the strongest frontier models solve fewer than 40% of
repository-level instances, highlighting the intrinsic difficulty of
repository-scale quantum software repair. Third, the performance
gap between RepoTrack and ScriptTrack is stable across systems,
reflecting the additional challenges introduced by integration, envi-
ronment configuration, and cross-module dependencies. Overall,
these results establish a clear capability hierarchy while revealing
substantial room for improvement.

6.2 Model Capacity and Specialization

To analyze the impact of model capacity and specialization, we
aggregate results by model family. Figure 4 reports average pass@1
success rates across RepoTrack and ScriptTrack. Two trends are
evident. First, model capacity strongly correlates with repair per-
formance. General frontier LLMs achieve the highest success rates
(36.5% on RepoTrack and 60.3% on ScriptTrack), with gains partic-
ularly pronounced on RepoTrack, where long-horizon reasoning,
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Table 4: Robustness under probabilistic oracles.

System category 7(p) (mean) Std. dev.
Search-based APR 0.81 0.14
Efficient LLMs 0.84 0.11
Code-specialized LLMs 0.87 0.09
General frontier LLMs 0.93 0.05
Open-weight LLMs 0.86 0.10

cross-file context integration, and environment handling are crit-
ical. Second, code specialization provides a clear advantage over
smaller or efficiency-oriented models on both tracks, especially on
ScriptTrack. However, specialization alone does not bridge the gap
to frontier models on RepoTrack, indicating that it complements
but does not replace overall model capacity. Open-weight models
achieve intermediate performance, outperforming efficient models
but remaining behind proprietary frontier systems, particularly for
repository-level bugs. Overall, these results show that both capacity
and specialization matter for quantum program repair, but their
relative importance differs by track.

6.3 Oracle Feedback and Interaction

This research question studies the effect of oracle feedback and iter-
ative interaction on repair performance. We evaluate representative
LLMs spanning different capability levels: an efficient model (GPT-
40-mini), a code-specialized model (Codestral-22B), and a frontier
model (GPT-40). Figure 5 compares one-shot patching with iterative
repair under increasing oracle budgets. Across all models, oracle
feedback consistently improves performance, with substantially
larger gains on RepoTrack than on ScriptTrack. For the efficient
model, iteration nearly doubles RepoTrack success rates, indicating
that feedback helps resolve build errors, missing dependencies, and
partial fixes, though absolute performance remains limited. The
code-specialized model shows moderate gains that saturate earlier,
while the frontier model achieves the largest absolute improvement,
with over a 17-point increase on RepoTrack from one-shot to B=10.
In contrast, ScriptTrack exhibits smaller marginal gains across mod-
els, suggesting that many script-level bugs can be resolved without
extensive interaction.

Overall, oracle feedback amplifies model capability but cannot
fully compensate for limited reasoning capacity, and its benefits
are most pronounced for repository-level quantum bugs.

6.4 Difficulty with Oracle Semantics

This research question examines how oracle semantics influence
the difficulty of automated quantum bug repair. Unlike classical
benchmarks that rely primarily on deterministic test oracles, quan-
tum software frequently employs tolerance-based and probabilistic
correctness criteria. Figure 6 reports pass@1 success rates stratified
by oracle type, both for a frontier model (GPT-40) and aggregated
by model category. Across all models, deterministic oracles are
consistently the easiest to satisfy, while probabilistic oracles are
the most challenging, with gaps exceeding 20 percentage points
for frontier models and widening for smaller ones. Tolerance-based
oracles fall in between, as they relax strict equality but still require
reasoning about acceptable numerical ranges, which many systems
implicitly treat as deterministic conditions with noise. Probabilistic
oracles pose a fundamentally different challenge: correctness is
defined over distributions rather than single executions, yet current
repair systems optimize against limited point estimates from oracle
feedback. This mismatch produces brittle patches that fail under
repeated evaluation, particularly in RepoTrack, where statistical
uncertainty compounds integration and environment complexity.
Overall, these results show that oracle semantics are a first-order
factor in quantum software repair difficulty and cannot be reduced
to noisy variants of deterministic testing.

6.5 Robustness and Probabilistic Evaluation

Passing a probabilistic oracle once does not guarantee a stable
or semantically correct fix. To assess robustness, we re-evaluate
patches deemed successful under the main evaluation and estimate
their empirical pass probabilities. Table 4 reports the mean #(p)
and standard deviation, aggregated by system category. Robustness
varies substantially across systems. Search-based APR exhibits the
lowest robustness and highest variance, indicating strong sensi-
tivity to stochastic execution. LLM-based systems produce more
stable patches on average, with frontier models achieving the high-
est pass probabilities and lowest variance. However, even frontier
models fail in approximately 7% of repeated evaluations, showing
that single-run success is an unreliable correctness signal for prob-
abilistic quantum programs. Lower robustness is often associated
with patches that adjust thresholds, sampling counts, or aggrega-
tion logic without resolving underlying distributional mismatches.
These results highlight a critical distinction between passing an
oracle and being correct under probabilistic semantics. By explicitly
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Table 5: Comparison of bug characteristics by track.

Characteristic RepoTrack ScriptTrack

Cross-file fixes 68% 24%
Probabilistic oracles 41% 36%
Domain-level logic errors 22% 49%
Environment sensitivity 57% 29%

measuring robustness, QBench exposes brittle solutions that deter-
ministic or single-run evaluations would overlook and emphasizes
the need for statistically grounded repair methods.

6.6 Repository-Level and Script-Level Bugs

This research question analyzes the structural differences between
repository-level and script-level quantum bugs and their implica-
tions for automated repair. Table 5 summarizes key characteristics
across the two tracks. Repository-level bugs are dominated by non-
local failure modes, with most fixes spanning multiple files and
involving interactions among compilation passes, simulator back-
ends, numerical libraries, and environment configuration. Over
half of RepoTrack instances are sensitive to dependency versions
or runtime environments, requiring integration reasoning beyond
localized code edits. In contrast, script-level bugs more often stem
from domain-level logic errors, such as incorrect parameter ini-
tialization, misinterpretation of measurement results, or improper
handling of probabilistic outputs. These bugs are typically local-
ized but demand semantic understanding of quantum mechanics
and probabilistic reasoning. Probabilistic oracles are prevalent in
both tracks, but play different roles: in RepoTrack they compound

integration complexity and environment nondeterminism, while
in ScriptTrack they more directly reflect domain-level semantic
errors. Overall, these results reveal a clear bimodality in quantum
software bugs. Repository-level bugs primarily stress infrastructure
robustness and cross-module reasoning, whereas script-level bugs
stress domain knowledge and probabilistic semantics. This distinc-
tion motivates the two-track design of QBench and suggests that
effective automated repair requires track-aware strategies rather
than a single unified approach.

7 Conclusion

In this work, we present QBench, an end-to-end benchmark for
automated repair of real-world quantum software bugs. By support-
ing both deterministic and quantum-specific correctness semantics,
QBench enables realistic and reproducible evaluation of repair sys-
tems. Our empirical study shows that stochastic correctness criteria,
environment sensitivity, and cross-layer defects remain major chal-
lenges for existing repair approaches. By establishing a standardized
evaluation framework, QBench provides a foundation for future
research on automated quantum software repair and dependable
quantum software engineering.
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