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Abstract

Large language models have recently advanced
automated program repair, yet most exist-
ing approaches provide only post-hoc natural-
language explanations that are neither exe-
cutable nor verifiable. This limitation is es-
pecially critical for quantum programs, where
correctness hinges on subtle semantic prop-
erties such as circuit equivalence and fidelity
preservation. We propose Explainable Quan-
tum Program Repair, a framework that couples
repair generation with machine-checkable exe-
cutable explanations. Given a buggy quantum
circuit, a language model proposes candidate
repairs together with structured transforma-
tion rationales, which are compiled into proof
traces and validated using formal verification
backends, including circuit equivalence check-
ing, ZX-calculus reasoning, stabilizer analysis,
and quantum simulation. Only repairs whose
explanations are fully verified are accepted.
Experiments on QASMBench with mutation-
generated quantum program bugs demonstrate
that our approach achieves competitive repair
success while substantially improving seman-
tic precision and explanation faithfulness over
baselines that rely on unconstrained or purely
natural-language explanations.

1 Introduction

Large language models (LLMs) have recently
shown strong capabilities in automated program
repair, generating patches that fix bugs across a
wide range of programming languages (Jimenez
et al., 2024; Fried et al., 2023; Li et al., 2025e,a,f).
Alongside improved repair accuracy, many systems
now also provide natural-language explanations in-
tended to justify the generated fixes (Ribeiro et al.,
2016; Li et al., 2025d). However, such explanations
are typically post-hoc, informal, and unverifiable,
making it difficult to assess whether they faithfully
reflect the actual semantics of the repair (Jacovi
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Figure 1: The illustration of executable explanation.

and Goldberg, 2020; Wiegreffe and Pinter, 2019).
This gap between explanation plausibility and ex-
planation correctness remains a central challenge
for explainable AI in code (Jacovi and Goldberg,
2020).

This challenge is particularly acute in the domain
of quantum programming. Quantum programs are
highly sensitive to subtle semantic constraints, in-
cluding circuit equivalence under gate reordering,
preservation of quantum state fidelity, and compli-
ance with hardware-specific restrictions (Nielsen
and Chuang, 2010; Duncan et al., 2020). Small
syntactic changes may result in drastically differ-
ent quantum behavior, while superficially different
circuits may be semantically equivalent (Duncan
et al., 2020). As a result, explanations that rely
solely on natural language are insufficient to es-
tablish trust in automated quantum program repair:
what matters is not whether an explanation sounds
reasonable, but whether it can be formally validated
against the semantics of the circuit (Necula, 1997).

In this work, we argue that explanations for pro-
gram repair should be treated not merely as textual
artifacts, but as executable objects (Necula, 1997).
We propose Explainable Quantum Program Re-
pair in Figure 1, a framework that repairs buggy
quantum programs while producing explanations
explicitly grounded in verifiable proof traces (Nec-
ula, 1997; Jacovi and Goldberg, 2020). Rather than
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asking a language model to “explain” a patch in
free-form text, we require explanations to be in-
stantiated as sequences of verifiable transformation
steps, such as equivalence rewrites, gate commuta-
tion rules, and fidelity-preserving constraints, each
of which can be independently checked by formal
verification tools (Duncan et al., 2020).

Our approach operates in three stages. First,
given a faulty quantum program written in QASM,
Qiskit, or Cirq, together with a specification, such
as semantic equivalence constraints or an oracle
circuit, a large language model generates multiple
candidate patches along with structured transfor-
mation rationales (Cross et al., 2017; Qiskit Com-
munity, 2017; Cirq Developers, 2021). Second,
these rationales are compiled into proof obligations
and checked using complementary quantum ver-
ification backends, including circuit equivalence
checking, stabilizer-based reasoning, ZX-calculus
rewriting, and quantum simulation (Burgholzer and
Wille, 2021; Aaronson and Gottesman, 2004; Dun-
can et al., 2020). Third, only those candidate re-
pairs whose explanations are fully verified are re-
tained, yielding repaired programs accompanied
by faithful, executable explanations (Jacovi and
Goldberg, 2020; Necula, 1997).

To evaluate this approach, we base our experi-
ments on QASMBench (Li et al., 2023), a widely
used benchmark of quantum circuits covering di-
verse application domains and circuit structures.
Starting from semantically correct reference cir-
cuits, we generate buggy programs using mutation-
based transformations that systematically violate
specific semantic properties, such as gate commu-
tation, parameter consistency, and qubit indexing,
while preserving syntactic similarity (Jia and Har-
man, 2011). This setup provides access to ground-
truth semantics and enables precise evaluation of
both repair effectiveness and explanation faithful-
ness, disentangling semantic correctness from su-
perficial plausibility (Jacovi and Goldberg, 2020).

We assess our method along three primary di-
mensions: (i) repair success measured by the ability
to produce a valid repair whose semantics are equiv-
alent to the original circuit, (ii) minimality of code
changes, and (iii) explanation faithfulness measured
by verifier acceptance of executable proof traces.
Our experiments show that enforcing verifiable
explanations substantially improves explanation
faithfulness while maintaining competitive repair
success, revealing a trade-off that remains invisi-
ble when explanations are evaluated solely at the

natural-language level.
In summary, we make the following contribu-

tions.

• We introduce the problem of explainable quan-
tum program repair, formalizing explanation
faithfulness as a machine-checkable property
grounded in circuit semantics.

• We present a verification-driven repair frame-
work that tightly couples language-model gen-
eration with formal quantum verification, trans-
forming explanations into proof traces.

• We provide a benchmark and evaluation protocol
that disentangles explanation plausibility from
faithfulness, enabling principled analysis of ex-
plainability in language-model-based code repair
systems.

2 Problem Formulation

We formalize the task of explainable quantum pro-
gram repair as repairing a faulty quantum program
while producing an explanation whose correctness
can be mechanically verified (Necula, 1997; Hi-
etala et al., 2021; Tao et al., 2022; Li et al., 2026).
In contrast to prior work that treats explanations as
informal descriptions, we explicitly require expla-
nations to be grounded in executable proof traces
(Hietala et al., 2021; Tao et al., 2022; Xu et al.,
2022).

2.1 Quantum Programs and Specifications

Let P denote a quantum program represented as a
quantum circuit, expressed in a concrete language
such as QASM, Qiskit, or Cirq (Cross et al., 2017;
Qiskit Community, 2017; Cirq Developers, 2021;
Li et al., 2025b). A program P operates on a fixed
number of qubits and induces a quantum operation
JP K, which may be characterized as a unitary trans-
formation or a quantum channel, depending on the
presence of measurements and noise (Nielsen and
Chuang, 2010; Selinger, 2004; D’Hondt and Panan-
gaden, 2006). We assume that a program is accom-
panied by a specification S, which may take one
or more of the following forms: (i) a test suite con-
sisting of input-output constraints (Weimer et al.,
2009; Nguyen et al., 2013; Long and Rinard, 2016),
(ii) an oracle program P ∗ defining the intended se-
mantics, or (iii) semantic constraints such as circuit
equivalence up to global phase or fidelity thresholds
(Burgholzer and Wille, 2021; Nielsen and Chuang,
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2010). A program P is considered correct with re-
spect to S if it satisfies the specification under the
chosen verification backend (Ying, 2011; D’Hondt
and Panangaden, 2006).

2.2 Quantum Program Repair

Given a buggy quantum program Pb that violates
the specification S, the goal of quantum program
repair is to produce a repaired program Pr that:

JPrK |= S. (1)

In addition to functional correctness, we are inter-
ested in repairs that minimally deviate from the
original program (Nguyen et al., 2013; Long and
Rinard, 2016). We therefore associate each repair
with a distance function dist(Pb, Pr), which may
be instantiated as syntactic edit distance or gate-
level modifications (Weimer et al., 2009).

2.3 Executable Explanations

We define an explanation as a structured object that
justifies why a repaired program Pr is a valid fix for
Pb. Crucially, explanations are not free-form text,
but sequences of verifiable transformation steps
(Hietala et al., 2021; Tao et al., 2022; Xu et al.,
2022). Formally, an explanation E is a finite se-
quence:

E = 〈t1, t2, . . . , tk〉, (2)

where each transformation ti maps a quantum pro-
gram to another program:

Pi = ti(Pi−1), P0 = Pb, Pk = Pr. (3)

Each transformation ti is associated with a rule
drawn from a predefined set R, including but not
limited to: gate commutation rules, circuit rewrite
rules, equivalence-preserving substitutions, and
constraint-preserving optimizations (Duncan et al.,
2020; Xu et al., 2022). Each rule is equipped with
a verifier that can mechanically check whether the
claimed step is valid under the corresponding proof
obligation (Hietala et al., 2021; Tao et al., 2022).

2.4 Explanation Faithfulness

We define explanation faithfulness as the property
that an explanation can be fully verified by an inde-
pendent checker (Hietala et al., 2021).

Definition 1 (Faithful Explanation). An explana-
tion E for a repair from Pb to Pr is faithful if and
only if all steps in E are accepted by their corre-
sponding verifiers and the final repaired program
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Figure 2: The overview of proposed framework.

Pr satisfies the specification S:

∀i ∈ {1, . . . , k}, Verify(ti, Pi−1, S) = true,
(4)

and
Pr |= S. (5)

Faithfulness is a binary property determined by the
verifier and is independent of the linguistic plausi-
bility or human readability of the explanation (Ja-
covi and Goldberg, 2020). This distinguishes faith-
ful explanations from post-hoc natural-language
rationales, which may appear convincing but lack
semantic grounding (Qi et al., 2015).

2.5 Problem Definition
We now define the task studied in this paper.

Problem 1 (Explainable Quantum Program Re-
pair). Given a buggy quantum program Pb and
a specification S, produce a pair (Pr, E) such
that: (i) Pr satisfies S, (ii) E is a faithful expla-
nation of the repair process from Pb to Pr, and (iii)
dist(Pb, Pr) is minimized. This formulation ex-
plicitly couples repair correctness with explanation
verifiability, enabling principled evaluation of both
dimensions (Qi et al., 2015; Hietala et al., 2021;
Tao et al., 2022).

3 Proposed Method

We present a framework for explainable quantum
program repair that tightly couples large language
model generation with formal verification. The key
design principle is to separate generation from val-
idation: language models are used to propose can-
didate repairs and structured explanations, while
independent verifiers determine their correctness
and faithfulness. Figure 2 provides an overview of
the framework.

3.1 Overview Pipeline
Given a buggy quantum program Pb and a specifica-
tion S , our framework proceeds in three stages: (i)
candidate generation with structured rationales, (ii)
explanation-to-proof compilation and verification,
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and (iii) selection of faithful repairs. The output is
a repaired program Pr paired with an explanation
E whose correctness is mechanically verified.

3.2 Candidate Generation
We prompt a large language model to generate a
set of candidate repairs {P j

r }Nj=1 for the buggy pro-
gram Pb. Unlike standard program repair prompt-
ing (Xia and Zhang, 2024; Xia et al., 2023), we
require the model to also produce a structured ra-
tionale for each candidate (Wei et al., 2022; Nye
et al., 2021; Chen et al., 2023).

A structured rationale is a sequence of transfor-
mation steps expressed in a constrained schema,
where each step specifies: (i) the transformation
type (e.g., gate commutation, substitution, decom-
position), (ii) the target circuit region, and (iii) the
intended semantic justification (e.g., equivalence
preservation). This schema serves two purposes.
First, it reduces the ambiguity of free-form expla-
nations. Second, it enables subsequent compilation
into formal proof obligations. Importantly, the lan-
guage model is not required to ensure correctness
of the rationale; it only proposes candidate expla-
nations that are later verified.

3.3 Compilation to Proof Traces
Each structured rationale is deterministically com-
piled into an executable proof trace. Given a ra-
tionale R = 〈r1, . . . , rk〉, we construct a sequence
of transformations E = 〈t1, . . . , tk〉 as defined in
§ 2. Each transformation ti is mapped to a rule in a
predefined rule setR. Examples include: gate com-
mutation rules validated by algebraic equivalence,
rewrite rules validated by ZX-calculus normaliza-
tion (Kissinger and van de Wetering, 2020; van de
Wetering, 2020), and circuit substitutions validated
by simulation-based equivalence checking.

This compilation step is purely syntactic and
does not involve the language model. If a rationale
cannot be compiled due to schema violations or
unsupported transformations, it is discarded.

3.4 Verification Backends
To validate proof traces, we employ multiple com-
plementary verification backends (Hietala et al.,
2021; Tao et al., 2022; Burgholzer and Wille, 2021;
Aaronson and Gottesman, 2004; Kissinger and
van de Wetering, 2020). Each backend implements
a verifier Verify(ti, Pi−1,S) for a subset of trans-
formation rules. Specifically, we use: (i) circuit
equivalence checkers for unitary subcircuits, (ii)

stabilizer-based reasoning for Clifford circuits, (iii)
ZX-calculus rewriting for general circuit equiva-
lence, and (iv) quantum simulation to estimate fi-
delity when exact equivalence is intractable. A
transformation is accepted only if the correspond-
ing verifier returns true. Explanations that fail
verification at any step are rejected in their entirety.

3.5 Faithful Repair Selection

After verification, we obtain a filtered set of candi-
date repairs whose explanations are faithful. From
this set, we select the final repair Pr according to a
ranking function that prioritizes: (i) satisfaction of
the specification S , (ii) minimal edit distance from
Pb, and (iii) brevity of the proof trace.

This selection strategy ensures that faithfulness
is treated as a hard constraint, while minimality
and simplicity are optimized secondarily. Formally,
among all candidate repairs whose explanations are
faithful, we select the final repair by solving:

(Pr, E) = arg min
(P,E)

α · dist(Pb, P ) + β · |E|

s.t. P |= S and E is faithful
(6)

where |E| denotes the length of the executable
proof trace.

Algorithm 1 summarizes the full procedure. Our
framework deliberately places the burden of cor-
rectness on verification rather than on the language
model. This design allows us to leverage the gener-
ative strengths of LLMs while avoiding reliance on
their implicit reasoning. Moreover, by enforcing
faithfulness as a hard constraint, we ensure that
explanations are not merely plausible, but semanti-
cally grounded and independently checkable.

4 Experimental Evaluation

We conduct a comprehensive experimental evalua-
tion to assess effectiveness, robustness, and explain-
ability of our approach to quantum circuit repair.

4.1 Experimental Setup

Benchmark Circuits. Our benchmark circuits are
based on QASMBench (Li et al., 2023), a widely
used benchmark of quantum circuits spanning di-
verse application domains and circuit structures.
QASMBench provides a collection of syntactically
valid and semantically correct quantum circuits ex-
pressed in QASM and compatible Python-based
circuit representations. We select 500 circuits
from QASMBench (e.g., Amplitude Estimation,
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Algorithm 1 Explainable Program Repair

Require: Buggy program Pb, specification S
Ensure: Repaired program Pr and faithful expla-

nation E
1: Generate candidate repairs and rationales
{(P j

r , Rj)}Nj=1 using an LLM
2: for each candidate (P j

r , Rj) do
3: Compile Rj into proof trace Ej

4: if compilation fails then
5: discard candidate
6: else
7: Verify each step in Ej

8: if any step fails then
9: discard candidate

10: else
11: Verify whether P j

r |= S
12: if P j

r 6|= S then
13: discard candidate
14: end if
15: end if
16: end if
17: end for
18: Select (Pr, E) from remaining candidates min-

imizing distance and proof length
19: return (Pr, E)

GHZ State, Grover, Quantum Approximation Opti-
mization Algorithm, Quantum Fourier Transforma-
tion, Variational Quantum Eigensolver etc.), cover-
ing small to large-scale circuits with 2-130 qubits
(some instances are in Figure 3), including both
Clifford-dominant circuits and circuits with sub-
stantial non-Clifford content, such as parameter-
ized rotation gates and T gates. Smaller circuits
allow precise semantic equivalence checking, while
larger and deeper circuits expose scalability limits
and trade-offs between repair coverage and expla-
nation faithfulness.

Bug Generation via Mutation. To construct
buggy circuits, we adopt a mutation-based strategy
inspired by prior work on quantum fault localiza-
tion and automated repair. For each original circuit
C∗, we generate buggy variants by applying one
mutation operator at a time, yielding a buggy cir-
cuit Cb. We consider the following mutation cate-
gories. (i) Gate Deletion: removing a randomly
selected gate; (ii) Gate Insertion: inserting an
identity-equivalent or non-identity gate; (iii) Gate
Reordering: permuting adjacent non-commuting
gates; (iv) Parameter Perturbation: modifying con-

Figure 3: Some instances of quantum circuits.

Table 1: Comparison of baselines and our approach.

Method Repair
Capability

Quantum-
aware

Natural-
Language

Explanation

Uses Task /
Test Info

Explanation
Verifiable

Faithfulness
Enforced

LLM-Repair 3 7 7 7 7 7

LLM+NL-Explain 3 7 3 7 7 7

LLM-QAPR 3 3 G# 3 7 7

Syn-QSD 3 3 7 G# 7 7

Syn-FAST 3 3 7 G# 7 7

HornBro 3 3 7 3 G# G#
Ours 3 3 3 3 3 3

3: Yes, G#: Partial, 7: No

tinuous gate parameters; (v) Qubit Index Mutation:
altering target or control qubit indices. This pro-
cess results in a total of 5,000 buggy circuits (10
mutations per original circuit), ensuring controlled
and reproducible ground truth for evaluation.
Correctness Criterion. A repaired circuit Cr

is considered correct if it is semantically equiv-
alent to the original circuit C∗ from which the
buggy circuit was derived. Semantic equivalence
is defined up to global phase and verified using the
same formal backends employed for explanation
validation, including circuit equivalence checking,
ZX-calculus rewriting, stabilizer reasoning, and
simulation-based fidelity estimation. Importantly,
the original circuit C∗ is used only as an oracle
for evaluation and is not accessible to the repair
algorithm.
Baselines. We compare against the following
representative baselines. (i) HornBro (Tan et al.,
2025): a state-of-the-art automated quantum pro-
gram repair framework based on homotopy-like op-
timization; (ii) LLM-QAPR (Guo et al., 2024): an
LLM-based quantum repair approach without ex-
planation constraints; (iii) Syn-QSD (Li et al., 2024):
a synthesis-based repair method using unitary de-
composition; (iv) Syn-FAST (Younis et al., 2021):
a heuristic synthesis-based repair technique opti-
mized for speed; (v) LLM-Repair (Xia and Zhang,
2024): a pure language-model-based repair method
without explanations; (vi) LLM+NL-Explain (Tian
et al., 2022): LLM-based repair augmented with
free-form natural-language explanations. Table 1
summarizes the key differences among all baselines
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Table 2: Overall repair performance on QASMBench
with mutation-generated bugs.

Method Succ. (%) Pre. (%) Edit Dist. Faith. (%) Time (s)
HornBro 74.6 82.3 0.41 - 38.2
Syn-QSD 61.2 79.5 0.56 - 182.4
Syn-FAST 58.7 75.1 0.49 - 96.8
LLM-QAPR 72.9 68.4 0.33 - 12.7
LLM-Repair 75.3 65.9 0.31 - 9.8
LLM+NL-Exp. 74.8 66.7 0.32 18.6 11.1
Ours 76.1 96.1 0.28 94.8 21.3

and our approach. Unless otherwise specified, all
LLM-based methods use the same backbone model,
GPT-4o-mini, with identical decoding parameters.
To examine the robustness of our approach across
different language models, we further evaluate rep-
resentative LLM backbones in § 4.6.
Metrics. We evaluate each approach using the
following metrics. (i) Repair Success Rate: per-
centage of buggy circuits for which at least one
generated candidate repair is semantically equiva-
lent to the original circuit; (ii) Semantic Precision:
percentage of accepted repairs that are semantically
equivalent to the original circuit; (iii) Edit Distance:
normalized gate-level edit distance between Cb and
Cr; (iv) Explanation Faithfulness: percentage of
explanations fully verified by formal backends; (v)
Repair Time: average time to produce a valid repair.

4.2 Effectiveness Evaluations

Table 2 summarizes the overall repair performance
on QASMBench with mutation-generated bugs.
Our approach achieves the highest repair success
rate among all LLM-based methods, demonstrat-
ing that enforcing executable explanations does
not reduce repair effectiveness when multiple can-
didate repairs are generated and verified. More
importantly, our method substantially outperforms
all baselines in semantic precision. With a preci-
sion of 96.1%, most accepted repairs are seman-
tically equivalent to the original circuits, whereas
LLM-based baselines frequently produce spurious
repairs that alter circuit semantics. In addition,
our approach yields the lowest average edit dis-
tance, indicating that verified repairs tend to make
minimal modifications to the buggy circuits. Fi-
nally, our method is the only approach that consis-
tently produces faithful explanations. Executable
explanations achieve a verification acceptance rate
of 94.8%, compared to only 18.6% for natural-
language explanations. Although verification intro-
duces additional overhead, the overall repair time
remains practical and significantly lower than that
of search-based baselines.

Figure 4: Performance of ours by mutation category.

(a) Success and faithful with circuit size (b) Verification time with circuit size

Figure 5: Scalability analysis with different circuit size.

4.3 Results by Mutation Type
Figure 4 reports the performance of our approach
across different mutation categories. We observe
that gate reordering and gate deletion mutations are
repaired most effectively, achieving both high suc-
cess rates and high semantic precision. These mu-
tations often correspond to well-understood equiv-
alence and commutation rules, which can be cap-
tured by short and easily verifiable proof traces.
In contrast, parameter perturbation and qubit in-
dex mutations are more challenging. Repairing
these bugs typically requires longer proof traces
and more complex semantic reasoning, resulting in
slightly lower success rates and precision. Never-
theless, even for these harder mutation types, our
method maintains semantic precision above 92%,
indicating that explanation verification remains ef-
fective across diverse bug categories. Overall, the
results suggest that the complexity of the required
proof trace correlates with mutation difficulty, and
that executable explanations provide a robust mech-
anism for reasoning about a wide range of quantum
circuit errors.

4.4 Ablation Study
We conduct an ablation study to evaluate the con-
tribution of individual verification components. As
shown in Table 3, removing any verification back-
end leads to a noticeable drop in explanation faith-
fulness, confirming that no single verifier is suffi-
cient to support diverse quantum circuit structures.
Among the components, ZX-calculus reasoning
plays the most critical role. Removing ZX-calculus
causes the largest decrease in faithfulness, indi-
cating its importance for reasoning about circuit
equivalence and rewrite-based repairs. Stabilizer
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Figure 6: Impact of different LLM backbones.

Table 3: Ablation results of verification backends.

Configuration Success (%) Faithful (%)
Full System 76.1 94.8
w/o ZX-calculus 71.7 81.5
w/o Stabilizer Reasoning 73.1 84.2
w/o Simulation 74.9 86.9

reasoning and simulation-based verification also
contribute substantially, particularly for Clifford-
dominant circuits and parameterized gates, respec-
tively. In addition to reducing faithfulness, remov-
ing verification components also slightly lowers
repair success. This suggests that verification not
only filters incorrect repairs but also guides the se-
lection of reliable candidates when multiple repair
options are available. Overall, the results high-
light the necessity of combining complementary
verification backends to achieve robust and faithful
explainable quantum program repair.

4.5 Scalability Analysis

To assess the scalability of our approach, we ana-
lyze repair effectiveness and verification overhead
as circuit size increases. We group benchmark
circuits by qubit count and report average repair
success rate, explanation faithfulness, and verifi-
cation time per repair. Figure 5 shows that our
approach scales effectively to medium-sized cir-
cuits while maintaining high explanation faithful-
ness. For circuits with up to 14 qubits, verification
overhead remains modest and repair success ex-
ceeds 78%. As circuit size increases beyond this
range, explanation verification gradually becomes
the dominant cost, reflecting the inherent complex-
ity of semantic equivalence checking in large quan-
tum circuits. Despite the increased verification cost,
explanation faithfulness remains consistently high
across all scales, staying above 88% even for cir-
cuits with more than 65 qubits. Repair success
degrades gracefully rather than collapsing, indicat-
ing that multi-candidate generation combined with
verification continues to be effective under larger
search spaces. Overall, these results demonstrate
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Figure 7: The case study of proposed framework.

that executable explanations introduce a principled
and predictable scalability trade-off. While verifi-
cation limits throughput for very large circuits, it
provides strong semantic guarantees that are diffi-
cult to obtain through test-based or unconstrained
repair methods. This trade-off is inherent to faith-
ful explainability and highlights the importance of
balancing coverage and trustworthiness.

4.6 Effect of Different LLM Backbones

Figure 6 reports the impact of different language
model backbones on all LLM-based repair methods.
Across baselines, stronger language models such
as Claude-3.5-Sonnet generally achieve higher re-
pair success and semantic precision, reflecting im-
proved code generation and reasoning capabilities.
However, for unconstrained LLM-based methods,
improvements in model quality do not translate
into reliable semantic correctness, as precision re-
mains limited and unverified explanations persist.
In contrast, our approach consistently maintains
high semantic precision and explanation faithful-
ness across all evaluated models. Even when in-
stantiated with weaker or more compact backbones,
executable explanations effectively filter spurious
repairs, preserving semantic correctness. Using
stronger models primarily improves repair success
and reduces proof complexity, rather than altering
the core reliability guarantees. These results indi-
cate that the effectiveness of our framework does
not depend on a specific language model. Instead,
verification-driven filtering plays a dominant role in
ensuring correctness, while advances in language
modeling further enhance coverage and efficiency.
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4.7 Case Study

To illustrate how executable explanations improve
repair reliability, we present a representative case
study from the QASMBench benchmark. Figure 7
shows a buggy quantum circuit together with re-
pairs generated by an unconstrained LLM baseline
and by our approach. In this example, the bug
is introduced by reordering two non-commuting
gates, which subtly alters the circuit semantics.
The LLM+NL-Explain baseline generates a syn-
tactically valid repair accompanied by a plausible
natural-language explanation, claiming that the re-
ordered gates are equivalent. However, formal
equivalence checking reveals that the repaired cir-
cuit is not semantically equivalent to the original
one, despite the explanation appearing reasonable.
In contrast, our approach generates a repair whose
explanation is compiled into an executable proof
trace. Each transformation step is independently
verified using ZX-calculus rewriting and circuit
equivalence checking. Only after all proof obliga-
tions are discharged is the repair accepted. This
example highlights how executable explanations
prevent plausible but incorrect repairs from being
accepted, and demonstrates the role of proof traces
in bridging the gap between explanation plausibil-
ity and semantic correctness.

5 Related Work

Our work relates to several lines of research span-
ning program repair, explainable AI for code, and
quantum software engineering.
Program Repair with Language Models. Recent
advances in large language models have enabled
data-driven approaches to automated program re-
pair, demonstrating strong performance on classical
programming languages (Xia et al., 2023; Fan et al.,
2023; Ribeiro, 2023). These methods typically gen-
erate candidate patches via sequence-to-sequence
modeling or in-context learning, sometimes aug-
mented with test execution or search (Chen et al.,
2021; Lutellier et al., 2020; Ye et al., 2022). How-
ever, most prior work focuses exclusively on pro-
ducing correct patches, without addressing the
faithfulness or verifiability of explanations (Xia
et al., 2023; Fan et al., 2023). In contrast, our work
explicitly couples repair generation with executable
explanations, treating explanation correctness as a
first-class objective.
Explainability for Code Generation. Explain-
able AI for code has attracted increasing attention,

with approaches ranging from natural-language ra-
tionales to intermediate representations such as ex-
ecution traces or symbolic states (DeYoung et al.,
2020; Shin et al., 2018; Li et al., 2025c). While
natural-language explanations can improve per-
ceived interpretability, prior studies have shown
that such explanations are often unfaithful to the un-
derlying model behavior (Serrano and Smith, 2019;
Pruthi et al., 2020). Our work aligns with recent
calls for faithful explanations, but differs in that we
operationalize faithfulness through formal verifica-
tion, yielding explanations that are independently
checkable rather than merely human-interpretable.
Faithfulness and Verifiable Explanations. Sev-
eral recent works propose defining explanation
faithfulness in terms of alignment with model in-
ternals or causal influence (Ross et al., 2017; DeY-
oung et al., 2020; Zhao et al., 2026). Our approach
is complementary: rather than analyzing the inter-
nal reasoning of the language model, we require
explanations to justify the semantic validity of the
output program. This shifts the focus from explain-
ing the model to explaining the artifact it produces,
a perspective well-suited to program synthesis and
repair.
Quantum Program Repair and Verification.
Quantum program repair and verification have been
studied using rule-based rewriting, symbolic rea-
soning, and equivalence checking (Paykin et al.,
2017; Kissinger and van de Wetering, 2020). These
methods typically rely on handcrafted rules and are
not designed to interface with language models
or produce human-consumable explanations. We
build on these verification techniques as backends,
but repurpose them as explanation validators rather
than repair engines. This design allows us to lever-
age mature quantum verification tools while retain-
ing the flexibility of language-model generation.

6 Discussion and Conclusion

We introduced a framework for explainable quan-
tum program repair that treats explanations as ex-
ecutable, verifiable objects rather than post-hoc
natural-language narratives. By coupling language-
model-based generation with formal verification,
our approach produces repairs accompanied by
proof traces whose semantic correctness can be in-
dependently checked. Our results demonstrate that
enforcing explanation verifiability substantially im-
proves faithfulness while maintaining competitive
repair success, highlighting a fundamental gap be-
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tween explanation plausibility and correctness. Al-
though our evaluation focuses on quantum pro-
grams, the underlying idea of executable explana-
tions is broadly applicable to other domains where
semantic properties can be mechanically verified.
Overall, this work advocates for grounding expla-
nations in verifiable semantics as a principled path
toward more trustworthy and interpretable AI sys-
tems for code and beyond.

Limitations

Our approach makes several design choices that
naturally define its current scope. First, the ef-
fectiveness of executable explanations depends on
the availability and scalability of quantum verifi-
cation backends. For large or highly non-Clifford
circuits, verification may become computationally
expensive, which can limit throughput or lead to
conservative rejection of candidate repairs. Second,
while verification ensures correctness, the gener-
ation of structured rationales remains dependent
on the language model. Incomplete or underspeci-
fied rationales may prevent otherwise valid repairs
from being accepted, suggesting opportunities for
improving rationale generation through more struc-
tured prompting or iterative refinement. Third, our
evaluation focuses on small- to medium-scale quan-
tum circuits, reflecting common practice in current
quantum software development; extending the ap-
proach to larger circuits and hardware-aware con-
straints is an important direction for future work.
Finally, although we study executable explanations
in the context of quantum program repair, explor-
ing applicability to other code-related and decision-
making domains remains an open question.
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