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Abstract

Testing quantum programs remains challenging due to probabilistic measurement
and the difficulty of establishing reliable test oracles. Although metamorphic
testing, MT, has been explored in quantum software, its fault-detection effective-
ness and input requirements remain insufficiently investigated. To address these
challenges, we propose six metamorphic relations, MRs, for three quantum query
algorithms: Deutsch-Jozsa, Bernstein-Vazirani, and Simon. We introduce a test-
ing structure that translates these relations into executable tests and integrates
with QCRMut to automate mutant generation, test execution, and evaluation.
Some MRs also allow checks before measurement, minimising dependence on
statistical analysis of measurement outcomes.

We systematically evaluate the validity and fault-detection effectiveness of the
proposed MRs through three experiments. Exhaustive evaluation confirms their
validity for the selected configurations, with mutation scores ranging from 41.80%
to 83.59%. We then investigate input reduction across 20 random selections
per configuration, finding that all selections reproduce their exhaustive muta-
tion scores within 15 inputs. Finally, we examine larger configurations without
exhaustive reference scores, observing mutation-score stabilisation within the
evaluated range. These findings demonstrate the fault-detection capability of the
proposed MRs and show that reduced input sets can preserve this effectiveness,
supporting MT as a promising approach when exhaustive evaluation becomes
computationally impractical.

Keywords: Quantum computing, metamorphic testing, input reduction, mutation
testing, quantum software engineering.



1 Introduction

Quantum computing is a computational paradigm based on the principles of quan-
tum mechanics, in which information is represented by quantum bits, or qubits, rather
than the classical bits used in conventional computing. Through properties such as
superposition and entanglement, quantum systems can provide computational advan-
tages for certain problems. Quantum computations are represented through quantum
circuits, consisting of sequences of quantum gates that manipulate qubits and evolve
their quantum states, together with measurement that produce classical outcomes.

Testing is a critical process in software development aimed at increasing confi-
dence in the functional correctness of a program or application and its compliance
with specified requirements. Dynamic testing involves executing software with the
aim of detecting faults and checking whether it behaves as expected under different
conditions. Two well-established testing techniques from classical computing that are
considered in this work are mutation testing and MT.

Mutation testing is a technique in which small changes are introduced into a pro-
gram or circuit to represent potential faults. A test suite is then executed to determine
whether it can detect these mutants. Considerable research has been conducted in this
field over the years, as surveyed by Papadakis et al. [1].

MT uses MRs, which define properties of the program under test by establishing
relationships between inputs and their corresponding outputs. It is particularly useful
when a reliable test oracle is unavailable. Chen et al. [2] provided a comprehensive
discussion of MT, its capabilities, and its challenges. MT has since been applied to
many different areas of classical computing. For example, Almendros-Jiménez et al. [3]
applied MT to OpenStreetMap, while Méndez et al. [4] used MT to test chess engines.

Despite recent advances in quantum software testing, two challenges remain partic-
ularly relevant to this work. First, the probabilistic nature of quantum measurement
can require repeated executions and statistical tests to assess program behaviour,
increasing the cost of testing. Second, although MT has shown promise in addressing
the oracle problem, further evaluation of its fault-detection capability across different
quantum algorithms using automatically generated mutants is needed.

In this work, we investigate whether part of the testing process can be moved
before measurement, allowing certain properties considered by our MRs to be checked
through deterministic operations within the quantum circuit, thereby minimising
dependence on the statistical analysis of measurement outcomes. However, this does
not imply that the measurement results themselves are deterministic. To this end, we
define six MRs for three quantum algorithms with function-based inputs: Deutsch-
Jozsa, Bernstein-Vazirani, and Simon. We integrate MT with mutation testing and use
QCRMut to automatically generate structured mutants and systematically assess the
fault-detection capability of the proposed MRs. Furthermore, we investigate whether
this effectiveness can be preserved using a reduced number of inputs and whether
mutation scores stabilise for larger configurations without an exhaustive reference. Our
objective is therefore not only to address the oracle problem through MT, but also to
evaluate the effectiveness of the proposed MRs in detecting faults and the potential
for reducing the number of inputs required.



The remainder of the paper is structured as follows. Section 2 reviews the current
state of the art, outlines the starting point of our research, and presents the algorithms
considered in this work. Section 3 introduces our MRs, followed by Section 4, which
describes their integration into our testing framework. Section 5 presents the exper-
iments and results used to evaluate the effectiveness of the proposed MRs. Finally,
Section 6 concludes the paper.

2 Related work

In this section, we review the main testing techniques introduced for quantum comput-
ing. We first discuss approaches based on assertions, coverage criteria, and program
analysis. We then examine mutation testing, focusing on the tools developed for auto-
matic mutant generation, followed by existing applications of MT to quantum software.
Finally, we discuss the limitations of these approaches and identify the main challenges
motivating our work. Hoare logic [5] and assertions were among the first approaches
explored by researchers to develop testing techniques for quantum programs. Huang
et al. [6], for example, proposed the use of assertions as a debugging mechanism
for quantum programs. This idea was later extended to runtime assertions. Zhou et
al. [7] proposed dynamic assertions based on the introduction of ancilla qubits and
later expanded this work with further experiments [8]. Li et al. proposed Proq [9], a
projection-based runtime assertion scheme in which projection operators are used to
express predicates, providing flexibility in the placement of assertions.

These works influenced the development of QSharpCheck by Honarvar et al. [10], a
property-based testing framework tailored to Q#. Another line of research has investi-
gated input-output coverage criteria. Ali et al. [11, 12] introduced the Quito approach,
which defines three coverage criteria according to their focus: input, output, and input-
output coverage. Their work formally defines concepts such as quantum programs,
specifications, inputs, and valid output values. Combinatorial testing was explored by
Wang et al. [13] through QuCAT, which generates test suites using classical generation
algorithms and evaluates their effectiveness against random test-suite generation.

Other approaches have addressed debugging and program analysis. Metwalli et
al. [14] introduced a debugging approach based on slicing quantum programs so
that individual slices can be tested separately. Further approaches include the use of
automata by Chen et al. [15] and static analysis of quantum programs [16, 17]. Broader
overviews of quantum software testing can be found in surveys by Shang et al. [18],
Serrano et al. [19], Garcfa et al. [20], and Leite et al. [21].

Mutation testing is a fault-based testing technique in which small modifications, or
mutations, are introduced into a program to create mutated versions. These mutants
are then executed against a test suite to determine whether the introduced faults
can be detected, thereby providing a means of evaluating the effectiveness of the
test cases. In quantum computing, mutation testing has been adapted to account
for the particular characteristics of quantum programs. Some of the approaches dis-
cussed above [10, 12] use mutation testing as an evaluation mechanism to address their
hypotheses and research questions.



Wang et al. [22] introduced quantum mutation operators to assess quantum com-
puting platforms rather than individual quantum programs, identifying bugs and
behavioural differences between platforms. The authors later investigated equivalent
mutants using mutation testing [23]. They define a discount factor based on the num-
ber of previous tests that have failed to kill a mutant, which is used to estimate the
likelihood of the mutant being equivalent.

Automatic mutant generation for quantum programs has been addressed by three
tools: Muskit, proposed by Mendiluze et al. [24]; QMutPy, proposed by Fortunato et
al. [25]; and QCRMut, proposed by Garcia et al. [26]. These tools target Qiskit, an
SDK for quantum computing developed by IBM. Muskit operates at source-code level,
analysing the program and exhaustively generating the applicable mutations for each
line and insertion location. The generated mutants are then executed and their outputs
are assessed using an oracle, following criteria developed in previous work [11, 12, 22].

QMutPy extends the MutPy library with quantum mutation operators and a
notion of gate equivalence, operating on Python’s abstract syntax tree. It executes
and analyses the generated mutants using assertions rather than requiring an explicit
output oracle. Its evaluation also considers modifications to these assertions to study
their effect on mutation scores. QCRMut, in contrast, introduces a random mutant-
generation approach that operates directly on Qiskit’s high-level circuit representation.
Unlike Muskit and QMutPy, which were developed for legacy Qiskit 0.x versions,
QCRMut supports Qiskit 2.x. Among its features, QCRMut allows selected circuit
instructions to remain immutable during mutation, thereby preserving parts of the
original circuit structure.

MT [2] is a testing approach commonly used when a reliable test oracle is unavail-
able, i.e., when determining the expected outcome of a test case is difficult. It relies on
MRs, which express necessary properties of the intended behaviour of the software by
defining relationships between source and follow-up test cases and their corresponding
outputs. This makes MT particularly relevant to quantum software, where the oracle
problem is further complicated by the probabilistic nature of quantum measurement.
Assessing measured outputs may require repeated executions and statistical analysis to
determine whether the observed behaviour is consistent with the expected behaviour.

MorphQ, presented by Paltenghi et al. [27], introduced MT for quantum software
systems. MorphQ uses grammar-based approaches to generate syntactically correct
quantum programs and addresses the oracle problem by checking whether the defined
MRs hold. Other studies have explored MT for specific quantum programs. Abreu et
al. [28] present a quantum adder together with two MRs based on a subset of Peano’s
axioms. Costa et al. [29] apply MT to Shor’s algorithm, using MRs to test its behaviour
without requiring the complete computation, which could not be completed on the
quantum hardware available at the time.

These studies demonstrate the applicability of MT to quantum software, but
its exploration across quantum algorithms with different properties remains limited.
Existing studies focus on particular algorithms or specific types of MRs, providing
limited evidence of how MT can be applied to quantum programs exhibiting different
characteristics. Moreover, the fault-detection capability of the proposed MRs has not
been systematically assessed using automatically generated mutants. Extending the



study of MT to algorithms with different properties is therefore important to better
understand its applicability and limitations within quantum software testing.

Our work contributes to this direction by defining six MRs for three quantum
query algorithms: Deutsch-Jozsa, Bernstein-Vazirani, and Simon. As in classical MT,
although the testing approach itself can be applied generally, there is no general
framework for automatically deriving MRs, as their definition depends on the specific
properties and expected behaviour of the algorithm under test. We derive and assess
the effectiveness of these MRs through mutation testing, using QCRMut to automat-
ically generate mutants and systematically evaluate their fault-detection capability.
QCRMut’s ability to preserve selected circuit instructions during mutation is par-
ticularly relevant to our approach, as it allows the parts of the circuits representing
the algorithm inputs to remain unchanged, preserving the controlled relationships
required by the proposed MRs. In addition, some of these MRs allow properties to
be verified before measurement, minimising dependence on the statistical analysis of
measurement outcomes.

To conclude this section, we provide a brief presentation of the selected algorithms:
Deutsch-Jozsa, Bernstein-Vazirani, and Simon. Each algorithm is presented following
a consistent structure: first, we introduce the problem addressed by the algorithm;
then, we explain how the quantum algorithm solves it and how its result is obtained.

® Deutsch-Jozsa algorithm, DJ, was proposed by David Deutsch and Richard Jozsa
in 1992 [30]. This algorithm aims to solve the following problem.
Problem: Let f: {0,1}" — {0,1} be a function with n € N, n > 1 that has one of
the following properties:

— We say f is constant if all inputs map to either 0 or 1.
— We say f is balanced if half of the inputs map to 0 and the remainder to 1.

DJ algorithm determines whether a given function, f, is balanced or constant. Let
us examine the possible outcomes depending on the function’s property:

— Constant: The outcome can only be |0).
— Balanced: The outcome can be anything except |0).

It is important to note that if the function is neither balanced nor constant, the
algorithm’s output will not be interpretable. Therefore, this is a precondition for f.
® Bernstein- Vazirani algorithm, BV, was presented by Ethan Bernstein and Umesh
Vazirani in 1997 [31].
Problem: Let s = s081...5,-1 € {0,1}" be an unknown bit string, with n € N
and n > 1, and let f : {0,1}" — {0,1} be a function defined as f(x) = s-x
(mod 2) = s020 D 5121 B ... D Sp—_1Tp_1.
The algorithm determines s, which is the only possible measurement outcome under
ideal execution.
e Simon’s algorithm [32] combines quantum and classical processing; however, we
focus only on the quantum routine. The algorithm was presented by Daniel Simon
in 1997 [33].



Problem: Let f:{0,1}" — {0,1}", with n € N and n > 1, be a function with an
unknown non-zero period ¢ = ¢pey ... cp—1 € {0,1}", such that f(x) = f(x @ c) for
all x € {0,1}™.

The objective is to determine the period c. Simon’s quantum routine produces a
string z satisfying (z,¢) = 0 (mod 2). By repeating the quantum routine, sufficient
information can be obtained to determine c¢ through classical processing, which
involves solving a system of linear equations.

3 Metamorphic Testing Rules and Framework

Having reviewed existing approaches to quantum software testing and introduced the
algorithms considered in this work, we formulate the research questions that guide the
development and evaluation of our proposed approach:

RQ1: How effective are the proposed MRs at detecting faults in the
selected quantum programs? We evaluate the fault-detection capability of the
six proposed MRs across the three selected algorithms. Mutation score is used as
the primary measure of effectiveness, considering the complete input space for the
experimental configurations included in this analysis.

RQ2: Can a reduced set of inputs preserve the fault-detection effec-
tiveness achieved using the complete input space? For configurations where
exhaustive evaluation is performed, the resulting mutation scores serve as refer-
ence values. Smaller sets of inputs are generated using different random seeds and
compared against these exhaustive results.

RQ2.1: How many inputs are required to achieve the mutation score
obtained using the complete input space? We examine the evolution of the
mutation score as inputs are added to determine the minimum number required
to reach the exhaustive reference score.

RQ2.2: How consistent is the required number of inputs across different
input selections? Multiple random input selections are considered to assess the
variability in the number of inputs required to reach the reference mutation score.

RQ3: Does the mutation score stabilise with a limited number of inputs
for larger quantum programs? As the input space grows, the computational
cost of exhaustive evaluation increases, eventually making it impractical. We there-
fore investigate whether mutation scores stabilise as the number of selected inputs
increases, and whether this behaviour is consistent across different random input
selections without an exhaustive reference score.

Together, these research questions guide the evaluation of the proposed MRs,
from their fault-detection effectiveness, RQ1, to the possibility of preserving this
effectiveness with fewer input, RQ2, and the stabilisation of mutation scores for
larger configurations without an exhaustive reference, RQ3. With these objectives
established, we introduce the MRs considered in this work.



3.1 Metamorphic Rules

Before presenting the MRs for each algorithm, we define the MR structure used in this
work, including the input and output spaces. We denote Z = {0,1}", where n € N.

Definition 1 (DJ algorithm input space) The input space of the DJ algorithm, denoted by
Ipy for n € N, is defined as:

Ipy ={i:Z — {0,1} | ¢ satisfies the DJ precondition}

Definition 2 (BV algorithm input space) The input space of the BV algorithm, denoted by
Igy for n € N, is defined as:

Igv ={i:Z —{0,1} | i(x) =s-xmod 2,s € T}

Definition 3 (Simon algorithm input space) The input space of the Simon algorithm,
denoted by Zg for n € N, is defined as:

Zs ={i:Z — T | i has period ¢, where c € T}

Definition 4 (Output space) The output space of our quantum circuits, denoted by O, is
defined as the set of all possible observed results, independent of their probabilities: O =
P({0,1}"), where n € N is the number of measured qubits.

Definition 5 (MRa) Given an implementation P of an algorithm A, an output space
O, and an input space Z,, a metamorphic rule MRy C (IKL X Om) is a rela-
tion over m inputs 4g,...,%n—1 and their corresponding outputs P(ig),..., P(im—1). We
write MR 4 (40, - . -, 4m—1, P(%0), - - -, P(im—1)) to denote (ig, ..., im—1,P(i0),..., P(im—1)) €
MR 4.

Given inputs 4, . .., im—1 € Z4 and their corresponding outputs og = P(ig),...,0m—1 =
P(im—1), we define a specific metamorphic rule MRQ using the following pattern, where &
is a first-order logic formula with no free variables:

k(- . . .
MRA(Zo,...,mel,OQ,...,Omfl) <~ @(Zo,...,mel,OO,...,Omfl)

We now present the proposed MRs for each algorithm.

Deutsch-Jozsa. The soundness of these MRs follows directly from the DJ problem
precondition. A summary of all MRs is provided in Table 1. For brevity, we refer to
these rules as DJ MR1 and DJ MR2, and use analogous notation for the remaining
rules.

Definition 6 (MR}, ;) Let g : {0,1}" — {0,1}" be a bijection, igp € Zpy, and i1 = ig o g;

MR (io,i1,00,01) <= (00 = {|0)} <= o1 = {|0)})

Definition 7 (MRQDJ) Let ig € Ipy, and i1(z) = 1 —ig(z), Vx € T;

MR (io,i1,00,01) <= (00 = {|0)} <= o1 ={|0)})



Bernstein-Vazirani. In contrast to the Deutsch-Jozsa MRs, which follow from
the problem definition, the soundness of the BV MRs is derived from the algebraic
properties of the BV oracle; in particular, MR3 relies on successive application of
the oracles. We are going to denote by s; € Z, the string that determines the input
ij € Iny.

Definition 8 (MRllgv) Let ip,%1 € Iy, s2 = so @ s1 denoted as ig = 79 D 71;

1, ..
MRgy (%0, i1, 2, 00,01,02) <= 02 = 0p @ 01

Definition 9 (MR%V) Let ig € Zpv, and let s1 be the bitwise complement of sg;

MRy (i0,i1,00,01) <= {|1)} = 00 ® 01

Definition 10 (MR?éV) Let ig,i1 € Iy, i2 = ig - i1, where - represents the successive
application of the oracles;

MR3gy (%0, i1, 72, 00,01,02) <= 02 = 0p P 01

MR1 and MR2 are closely related, as MR2 is a special case of MR1 and could
therefore be omitted. However, as discussed in the literature on MT [2], simpler rela-
tions can still be useful because they are generally easier to verify. For example, from
a general relation f(k x ) = k x f(x), one may derive the simpler case k = —1. Sim-
ilarly, MR2 requires only two executions of P, whereas MR1 requires three, reducing
the computational cost of testing. Furthermore, MR2 considers |Z| possible inputs,
whereas MR1 considers |Z|? input combinations, which can substantially increase the
number of tests required.

Simon. Next, we introduce Simon’s MR:

Definition 11 Let (-) denote the unary operator that:

® When applied to a bit string, inverts the string.
® When applied to a set of bit strings, returns the set obtained by inverting each
element.

Definition 12 (MRg) Let ig € Zg, co € Z the period of ig, and ¢1 = €g denoted as i1 = ig;
MRg (io, %1, 00,01) <= 0o = 01

In this case, the rule follows from the semantics of the problem. If the set of
solutions produced by the algorithm represents a system of equations, then any per-
mutation of the variables must be mirrored by a corresponding permutation of the
solution, here, the input. In particular, the permutation that defines MRg is provided
by the operator (-).

A summary of all algorithm MRs is given in Table 1. These rules cannot be gen-
eralised to arbitrary quantum algorithms, as they are inherently specific and tailored



R H Inputs ‘ R(%05 ey tmy, 00, oey Om) ‘
1 i0 € Ipy, i1 :=100g, _ _
MRb, || Ry TS| s =10} = o= (0)
MRZDJ H i0 € Ipj, i1 := 1D o 00—{|0} <~ 01—{|0} ‘

02 = 09 ® o1 ‘

\
\
‘ MR, H 10,11 € IBv, 12 1= 10 D i1
\
\
| M

|

|

| |
MR%V H i0,%1 € IBv, 12 =10 - 1 ‘ 02 = 09 b o1 ‘

| |

MRQBV H 10 GIB\/, 11 =10 P ‘1> {‘1> =00 @ 01
H io € Is, i1 :=1ig 00 = 01

Table 1 MRs summary.

to the algorithm under study. This reflects a well-known limitation of MT in classical
computing, which persists in the quantum setting. Nevertheless, as a general guide-
line, the problem semantics and a sound understanding of the circuit’s operational
behaviour should provide insight into logical properties that are expected to hold. In
our case, the rules are derived from the problem preconditions, the mathematical for-
mulation of the algorithm, and the underlying problem semantics. The proposed MRs
have been formally proved, although the proofs are omitted here for conciseness.

3.2 Extending QCRMut for MT

Once the MRs used in this study have been introduced, they need to be integrated
into the mutation-testing process. For this purpose, we use QCRMut to generate and
execute mutants and extend its testing functionality to support the evaluation of
the proposed MRs. Figure 1 presents the general workflow. Given a quantum circuit,
QCRMut generates the mutants, while the inputs required by the corresponding MR
are generated separately. Each mutant is then evaluated using these inputs, and the
results are stored for later analysis.

Mutant generation

Receive Quantum Circuit Execution ‘{ Save Results }

Input generation

Fig. 1 Simplified Mutation Testing Workflow

The execution of each individual mutant is detailed in Figure 2. For every input, a
test circuit is constructed from the mutant and executed. The resulting information is



then analysed according to the corresponding MR to determine whether the mutant
has been Kkilled. If the mutant survives and further inputs are available, the process is
repeated with the next input. Otherwise, the mutant is classified as surviving.

Receive Mutant Create Test QC .
[ and Input list for an Input QC Execution

More inputs? Analysis

Mutant Survived

Mutant Killed Mutant killed?

-

Fig. 2 Execution Workflow for a Mutant

The original QCRMut testing process determines the expected oracle output before
circuit execution and evaluates the measured results accordingly. In this work, we
extend this process to support the proposed MRs, allowing certain properties to be
verified before measurement and minimising dependence on statistical analysis of mea-
surement outcomes. To achieve this, we incorporated a more flexible oracle-analysis
mechanism into QCRMut, allowing results to be evaluated according to the require-
ments of each MR rather than relying exclusively on a predefined expected output. We
also generalised the execution process to accommodate different testing requirements.

We also adapted the test-circuit construction process to accommodate the different
requirements of the proposed MRs. Circuits are now prepared for each generated input,
allowing mutants and their corresponding inputs to be combined during execution. The
measurement and result-storage procedures were also modified to support different
circuit configurations and avoid storing redundant results. Together, these extensions
allow the proposed MRs to be integrated into QCRMut without altering its mutant-
generation process, providing the MR~specific input generation and analysis required
to evaluate their fault-detection capability.
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4 From MRs to Testing Structures

We now address one of the main objectives of this work: assessing the effectiveness
and fault-detection capability of the proposed MRs. To this end, we translate their
mathematical definitions into testing structures that allow the testing process to be
automated. The resulting structures are then used in the experiments presented in
the next section. We first describe how the proposed MRs are instantiated. Each
instantiation provides the functions required for the different stages of the testing
process: mutant generation, input generation, test-circuit construction, execution, and
result analysis. Two of these five elements are common to all MRs:

Mutant generator: We use QCRMut because it provides flexibility in the muta-
tion process by operating directly on Qiskit’s high-level circuit representation. In
particular, its immutable positions allow the structure of the algorithms to be pre-
served during mutation. This is essential when applying our MRs, as we require
consistent input locations and well-defined correspondences between inputs.
Execution: The resulting quantum circuits, QCs, are executed within the extended
QCRMut testing structure using Qiskit’s AerSimulator with a fixed seed to ensure
reproducibility and the default number of 1024 shots per execution.

The preparation of the algorithm implementations is also common to all MRs. For
each algorithm, the instruction corresponding to the input is replaced by an instance of
QCRMut’s PlaceHolder instruction. This preserves the input location during mutant
generation and allows the appropriate input to be inserted when constructing each
test circuit. Measurements are omitted at this stage, as the test-circuit generator is
responsible for constructing the circuit and introducing the measurements required by
the corresponding MR.

Ezample 1 (DJ implementation circuit)

|0) /n H®" H®n
Input

o [T

The inputs of the algorithms considered in this work are functions satisfying specific
properties imposed by the corresponding problem. To use these functions within the
testing process, they must be represented by the information required to construct
their corresponding oracle circuits. We refer to this representation as the computational
input and formalise the transformation from the input space of an algorithm to its
oracle implementation as follows.

Definition 13 (Computational input) Let A be a quantum algorithm with input space Za .
We denote by IA the computational input space of A. A computational input is an element
Qe IA containing the information required to construct an oracle corresponding to i € Z4.

11



Definition 14 (Computational input generator) Let Zn and fA be the input and compu-
tational input spaces of an algorithm A, respectively. A computational input generator is a
function pa : Zpo — Za, which maps an input ¢ € Za to its computational input i = pa (7).

Definition 15 (Oracle generator) Let fA be the computational input space of an algorithm
A. An oracle generator is a function wy : fA — C4, where C4 denotes the set of quantum
circuits implementing valid oracles for A. Given an input @ € Zp, its corresponding oracle
circuit is U; = wa (pa (i) = wa(i).

Here, the term oracle refers to the quantum oracle used by the algorithm, rather
than a test oracle that determines the correctness of an execution. A quantum oracle
encodes a function as a quantum operation, which the algorithm accesses as a black
box. The oracle generator wa constructs this operation from the computational input
1. Thus, the transformation from an input of algorithm A to its corresponding oracle
circuit is represented by

Ta 225 Th 22 Cy,

or, for a particular input ¢ € Zy,

i TN U

In our implementation, the oracle generators wa are based on the oracle construc-
tions provided in Qiskit’s learning materials!. When necessary, these constructions
are adapted so that the information required to construct the oracle can be provided
explicitly through the computational input .

The computational input space Zn and the computational input generator pa
depend on the algorithm and the adopted oracle construction. Other elements of the
testing structure, such as test-circuit generation and oracle analysis, also depend on
the requirements of each MR. In the following subsections, we describe the complete
testing structure required to apply the proposed MRs to each algorithm.

4.1 Application of the DJ MRs

We begin with the DJ algorithm. The original circuit is prepared as described above,
replacing its input location with a PlaceHolder instruction. We then instantiate the
computational input space Zpj and its corresponding generator ppj.

The Qiskit construction adopted for the DJ oracle generator wpj includes random
choices during oracle construction. We adapt it so that these choices are explicitly
determined by the computational input 4. In particular, the construction first deter-
mines whether the output qubit is flipped and whether the generated function is
constant or balanced. In the balanced case, it additionally selects half of the compu-
tational basis elements. These three decisions determine the information that must be
provided by a DJ computational input.

1 https://learning.quantum.ibm.com/course/fundamentals-of-quantum-algorithms/
quantum-query-algorithms
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Definition 16 (DJ computational input) Let n be the number of input qubits of the DJ
algorithm. A DJ computational input has the form

W= (a,b,8S),
where a,b € {0,1} and S C {0,...,2" —1}, |S| = 2"~! The value a determines whether the
output values are flipped, b determines whether the function is constant, b = 1, or balanced,
b =0, and S contains the basis elements selected by the oracle construction when the function
is balanced.

The constraints imposed by the DJ problem restrict the possible values of these
components. For a constant function, S is not required and a determines whether all
inputs are mapped to 0 or to 1. For a balanced function, S contains exactly half of the
2" basis elements. Consequently, the computational input space is defined as follows.

Definition 17 (DJ computational input space) Let n be the number of input qubits of the
DJ algorithm. The DJ computational input space is

T = {(a,l,@) ‘ a€ {0,1}}u{(a,0,8) ‘ ae{0,1}, §C{0,...,2" — 1}, |S| :2”—1}‘

The first set represents the constant functions, where a determines the value to
which all inputs are mapped. The second set represents the balanced functions, where
S identifies the selected basis elements used in the oracle construction and a determines
whether the corresponding output values are flipped. Note that different computational
inputs may represent the same function: mapping the elements of S to 0 is equivalent to
mapping those of its complement to 1. Consequently, the number of distinct balanced
functions is smaller than the number of possible computational input representations,
allowing redundant cases to be excluded from the experimental evaluation.

The procedure described above instantiates the computational input generator
ppj : Ipy — ZIpy, which maps each DJ input ¢ € Zpj to its corresponding
computational input i = ppy(4).

In the implementation, a computational input = (a,b,S) is encoded as (a, b,
list[int]), with the third component omitted for constant functions. The following
examples illustrate this encoding for both constant and balanced inputs.

Ezample 2 (DJ computational input examples) Let n = 3 for balance functions,

® Constant: There are only two constant functions. Therefore, the computational
input (0, 1, -) represents the function that maps every basis element to 0, whereas
(1, 1, -) represents the function that maps every basis element to 1.

e Balanced with a = 0: The computational input (0, 0, [2, 3, 6, 7]) repre-
sents a balanced function in which the basis elements (2,3,6,7) are mapped to 1
and the remaining basis elements (0,1, 4,5) are mapped to 0.

® Balanced with a = 1: Similarly, (1, 0, [2, 3, 6, 7]) represents the comple-
mentary balanced function: the basis elements (2, 3, 6,7) are mapped to 0, while the
remaining basis elements (0, 1,4,5) are mapped to 1.
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Note that different computational inputs may represent the same function. For
example, complementing both a and the selected set of basis elements preserves
the function’s mapping. However, these inputs may produce different oracle circuits,
involving different gate operations and potentially exercising different parts of the
circuit during testing.

Once the source computational input /i\o has been generated, we define the follow-
up computational input /i\l for each MR. For MR%)J, the bijection g must be considered
when constructing the follow-up test circuit. We implement g by permuting the input
qubits before applying the oracle Uy. The inverse permutation should then be applied
after Uy. However, since the MR only checks whether the resulting state is |0), the
qubit order does not affect the outcome. We therefore omit the inverse permutation,
reducing the number of gates in the test circuit. The initial permutation is implemented
using Qiskit’s built-in permutation functionality.

Definition 18 (DJ follow-up computational inputs) Let ip = (a,b,5) € :/iDJ be a source
computational input. The follow-up computational inputs are constructed as follows:

MRll:, 3 The follow-up computational input is defined as (70, P,), where P repre-
sents the permutation induced by the bijection g. In the implementation, this is
represented as (10, P(g)). R

MRZ;: The follow-up computational input is defined as iy = (1 — a,b, S). In the
implementation, this is represented as (1 - a, b, 1ist(S)).

For MR},;, the permutation induced by g reorders the basis elements associ-
ated with the source input. Therefore, although the follow-up input could also be
expressed using the computational input representation defined by Zpj, this conversion
is unnecessary, as the permutation is applied directly at test-circuit construction.

Ezample 3 (DJ follow-up input examples) Let ?0 € fDJ, with representation i0 = (0, O,
[2, 3, 6, 71).
MRY,);: If iy = ig-g and g is represented by the permutation P = (0, 1,2,4,3,5,6,7).
Then i1 = ((0, 0, [2, 3, 6, 71), P) represents /i\l. In computational-input
form, this can be rewritten as i; = (0,0, (2,4,6,7)).
MRzDJ: The follow-up input representation is i1 = (1, 0, [2, 3, 6, 71).

Once the mutants and computational inputs have been generated, the test circuits
are constructed. For MR3);, the placeHolder instruction is replaced by wpj( o) and
wp J(’i\l) in the source and follow-up circuits, respectively. For MR}DJ, it is replaced
by UJDJ(/Z.\O) in the source circuit and by the permutation P followed by UJDJ(?(]) in
the follow-up circuit. Here, wpj denotes the Qiskit-based DJ oracle generator. In both
cases, measurements are added after constructing the circuits. The following example
illustrates the test-circuit construction for MR} ;.
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Ezample 4 (DJ MR1 test-circuit construction) Let M be a mutant of the DJ implementation
presented in Example 1, with n = 3. Let ig € Zpj be the source input, 1o = ppj(ig) its
computational input, and g € Sim({0, 1}3) a bijection. The follow-up input is i; = ig - g, and
P denotes the permutation implementing g in the test circuit.

Consider the mutant M:

10) —~ 7®3 | H®3
Input
|0) X

The source test circuit replaces the input with wp J(;:\O) and adds the measurements:

0) ~—] 7o ) HE
wpy (o)
) —3]

The follow-up test circuit replaces the input with P followed by wpj( 20), which
implements the transformation corresponding to i1, and adds the measurement:

04— A

o —x— :

®
@

The measurement outcomes of the resulting circuits are then analysed to determine
whether the expected relation holds. Recall that, for the DJ algorithm, a constant
function produces |0) as its only possible measurement outcome, whereas a bal-
anced function never produces |0). We use these properties to interpret the observed
results, while accounting for mutants that may exhibit neither behaviour. The analysis
distinguishes three cases based on the measurement outcomes of the first circuit:

e If |0) is the only outcome of the first circuit, its results are consistent with a constant
function. The mutant is killed if the second circuit produces any outcome other than
|0), as its results would no longer be consistent with a constant function.

e If |0) does not appear among the outcomes of the first circuit, its results are con-
sistent with a balanced function. The mutant is killed if |0) appears among the
outcomes of the second circuit, whose results would then be consistent with a
constant function or with neither a constant nor a balanced function.
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Result i Constant Balanced | Neither
Result 41

Constant || Survived | Killed | Killed
|
|

|
‘ Balance ‘ ‘ Killed ‘ Survived Killed ‘
‘ Neither ‘ ‘ Killed ‘ Killed Killed ‘

Table 2 DJ Analysis summary.

o If the first circuit produces multiple outcomes including |0), its results are consistent
with neither a constant nor a balanced function. The mutant is therefore killed
regardless of the outcomes of the second circuit.

These cases define the DJ analysis function, summarised in Table 2. Finally, we con-
struct the testing structures using the functions defined above. The two DJ MRs differ
in their follow-up input generation and test-circuit construction. Table 3 summarises
the resulting testing structures.

4.2 Application of the BV MRs

Following the same structure, we now instantiate the testing components required for
the BV MRs, omitting those analogous to the components already introduced for DJ,
including the preparation of the original circuit. Each BV input ¢ € Zgy is determined
by a binary string of length n, which directly constitutes the computational input, as
it contains all the information required to construct the corresponding oracle.

Definition 19 (BV computational input) Let n be the number of input qubits of the BV
algorithm. A BV computational input is a binary string ¢ € {0,1}". Consequently, the
computational input space is Zgy = {0,1}" =

The computationzﬁ input generator ppy : Ipv — va maps each BV input ¢
to the binary string ¢ = pgy(i) that determines its oracle. The Qiskit-based ora-
cle generator wpy then constructs the corresponding oracle from i. Once the source
computational inputs have been generated, the remaining computational inputs are
constructed according to each MR.

Definition 20 (BV follow-up computational inputs) Let ?0,21 € i’BV. The additional
computational inputs are constructed as follows:
MRBV /Z'\Q —/7;\0 @/7;\1
MRBV Zl = ZO @ 1.
MRBV iy = io 11, where - represents the successive application of va(go) and
wpy(41). This is implemented directly during test-circuit construction.
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The following examples illustrate the construction of the follow-up computational
inputs for MRy, and MR3,,. MR}, is omitted, as its composition is implemented
directly during test-circuit construction.

Ezample 5 (BV follow-up computational input examples) Consider BV computational inputs
with n = 4.

MRL: Let 7 = 1010 and 7; = 0110. Then iy = i & i; = 1100.
MRZ: Let 79 = 1010. Its bitwise complement gives the follow-up computational
input 41 =49 & 1 = 0101.

Following the generation of computational inputs, the test circuits are constructed
by replacing the placeHolder with the corresponding Qiskit-based oracles wBV(g).
Unlike the DJ MRs, which require analysing the measurement outcomes of separate
circuits, the BV MRs combine the outputs within a single quantum circuit before
measurement. This is achieved using CNOT gates to perform bitwise XOR operations
between the output registers, transforming the expected relation into a condition that
can be verified directly through measurement. By performing this comparison within
the quantum circuit, the testing process avoids the need to measure each output sep-
arately and statistically analyse their relationships, minimising dependence on the
probabilistic nature of measurement.

The construction relies on the property that, for a,b € {0, 1}",

a=b < a®b=0.

For instance, MR]13V requires 0, = 0g P 01, and therefore oy ® oy ® 01 = 0.

The test circuits are constructed so that this principle is applied to the relation
defined by each MR. Consequently, when an MR is satisfied, the measured regis-
ter yields |0) with probability 1. A mutant is therefore killed if |0) is not the sole
measurement outcome. The next example shows the BV MRs test-circuit construction.

The three BV MRs differ in their follow-up input generation and test-circuit con-
struction, while sharing the same analysis criterion. The resulting testing structures
are summarised in Table 3. We now proceed to the final algorithm considered in this
work, Simon’s algorithm.

Ezample 6 (BV MRs test-circuit construction) Let M be a mutant of the BV implementation.
Let ig,i1 € Zgy be source inputs, when needed, with computational inputs ?0 = pv(i0)
and 21 = ppv(?1). The corresponding follow-up inputs are constructed according to each MR
as defined above. We consider M to have the same structure as the mutant in Example 4.
The test circuits for each MR are constructed by replacing the input with the corresponding
oracles and combining their outputs according to the relation defined by each MR. The
resulting circuits are shown below.
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4.3 Application of the Simon MRs

We finally instantiate the testing components required for the Simon MR. As for the
previous algorithms, the original circuit is prepared using the procedure described
above. The oracle generator wg is based on the implementation provided in Qiskit’s
learning materials [34].

For Simon’s algorithm, each input function is determined by a non-zero binary
string that defines its hidden period. As this string contains the information required
to construct the corresponding oracle, it directly constitutes the computational input.

Definition 21 (Simon computational input) Let n be the number of input qubits of Simon’s
algorithm. A Simon computational input is a binary string ¢ € {0,1}" \ {0}. Consequently,
the computational input space is Zg = {0,1}" \ {0}.

The compuAtational input generator pg : Zg — fs maps each Simon input ¢ to the
binary string i = ps(i) that determines its hidden period. The Qiskit-based oracle
generator ws then constructs the corresponding oracle from 4.

Once the source computational input iy has been generated, the follow-up
computational input is constructed by applying the inversion operator defined in
Definition 11.

Definition 22 (Simon follow-up computational input) Let/i\o S fs be a source computational

input. The follow-up computational input for MRé isi = ?0 .
The following example illustrates this transformation.

Ezample 7 (Simon follow-up computational input example) Let n = 4 and /i\o = 1011. The
follow-up computational input is

9= G = 1101.

The test circuits are constructed by replacing the placeHolder with ws(/i\o) and
ws (?1), respectively, and adding the required measurements. As MR% requires o9 = 01,
the inversion of the follow-up output is performed directly during measurement. The
following example illustrates this construction.

The analysis can then compare the two sets of measurement outcomes directly.
Qiskit returns the results as dictionaries whose keys are the observed bit strings and
whose values are their repetition counts. Since MR% concerns the set of possible out-
comes rather than their frequencies, only the sets of keys are compared. The mutant
survives if both sets are equal and is killed otherwise.

Ezample 8 (Simon MR test-circuit construction) Let M be a mutant of the Simon implemen-
tation with n = 3, and let ig € Zg be a source input with computational input ig = pg(ip).
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The follow-up computational input is ?1 = ,i\o . The source and follow-up test circuits replace
the input with wg(40) and wg(41), respectively.
Consider the mutant M:

0) —— ]

g
Input

0 —#]

0) -~

The source test circuit replaces the input with WS(?O) and adds the measurements:

cbitg

0 —— ]

cbity

0) R

ws (o) chity

0) [ 1]
10) =~

The follow-up test circuit replaces the input with ws(ji\l) and adds the measurements:

cbito

0 —#]

chitq

0 )

ws (1) chito

0) (1]
0) -

In the source circuit, the qubits are measured into the classical register in their origi-
nal order. In the follow-up circuit, they are measured in reverse order. Consequently, the
measurement outcomes of the follow-up circuit directly represent o7, as required by MR%.

The summary of all our MRs quantum testing structures can be found in Table 3.
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Alg H MR ‘ Input generator ‘ Circuit generator ‘ MR Analysis

1 DJ input generator and permutation DJ MR1 .
‘ DJ H 2 ‘ DJ input generator DJ MR2 DJ Analysis
1 BV pair input BV MR1
BV 2 BV xor input BV MR2 BV Analysis
3 BV pair input BV MR3
‘ Simon H 1 ‘ Single input generator ‘ Simon MR1 ‘ Simon Analysis ‘

Table 3 MRs structure summary.

5 Experiments and Results

This section evaluates the validity and fault-detection effectiveness of the proposed
MRs through mutation testing, as well as the potential for reducing the number of
inputs required. To this end, we conduct three experiments using the testing struc-
tures introduced in the previous section and mutants generated by QCRMut. We
first assess the proposed MRs through exhaustive evaluation, establishing reference
mutation scores. We then investigate whether these scores can be reproduced using
fewer inputs and examine their consistency across random input selections. Finally, we
extend the analysis to larger configurations to investigate mutation-score stabilisation
without an exhaustive reference.

All experimental results, testing structures, and replication instructions are avail-
able in the provided GitHub repository?. To ensure reproducibility, fixed seeds were
used for both mutant generation and circuit execution. The experiments were exe-
cuted using Python 3.12.2 and Qiskit 2.3.0 on Debian 12.2.0-14, on a system with an
Intel(R) Xeon W-2235 CPU (6 physical and 12 virtual cores) and 128 GB of RAM.

5.1 MR Quality Experiments

In Experiment I, we exhaustively evaluate the input combinations defined by each
MR to verify their validity for the original quantum programs and assess their fault-
detection effectiveness through mutation testing. We consider BV and Simon with 3,
4, 5, and 6 input qubits, whereas DJ is evaluated with 3 and 4 input qubits. Larger DJ
configurations are excluded from exhaustive evaluation due to the rapid combinatorial
growth of their computational input space. The resulting mutation scores serve as
references for the input-reduction analysis in Experiment II.

Rather than fixing an arbitrary number of mutants, we determine it using the
coverability criterion proposed for QCRMut [26]. Full coverability is achieved when
every gate and applicable mutation operator combination is represented by at least
one mutant. QCRMut estimates the number of mutants required to achieve this crite-
rion using a formula derived from the Coupon Collector’s problem [35]. This estimate

Zhttps://anonymous.4open.science/r/MetTesting-52B8 /README.md
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Algorithm H # Input qubits (n) ‘ # Algorithm qubits ‘ # Gates ‘ # Mutants ‘ |fA| ‘

3 4 9 256 72
4 5 11 256 12872
DJ 5 6 13 256 601080392
6 7 15 288 o
7 8 17 320 (1) +2
3 4 9 256 8
4 5 11 256 16
BV 5 6 13 256 32
6 7 15 288 64
7 8 17 320 128
3 6 7 256 7
4 8 9 256 15
Simon 5 10 11 256 31
6 12 13 256 63
7 14 15 288 127

Table 4 Experimental configurations considered across Experiments I-I11, including circuit size,
number of generated mutants, and source computational input-space size.

‘ Algorithm H MR ‘ # Circuits ‘ # Qubits per circuit ‘ # Input combinations ‘

Tl - n!
DJ 1 2 n+1 ‘Z]?\J‘ n!
2 n+1 |Zps|
1 3(n +1) Zov 2
BV 2 1 2(n+1) |Zsv|
3 3(n+1) |IB\/‘2
Simon || 1 | 2 2n \ |Zs|

Table 5 Testing resources required by each MR, where n denotes the number of
input qubits of the original algorithm. Input combinations include the source and
follow-up computational inputs defined by each MR.

corresponds to the mean of the resulting distribution. Table 4 presents the configura-
tions considered across the experiments, including the size of the source computational
input space and the number of mutants generated for each configuration.

The testing structures introduce additional computational requirements in terms
of both the number of qubits and the number of input combinations. Let n denote
the number of input qubits of the original algorithm. Depending on the MR, several
algorithm executions are combined within a single test circuit, increasing its number of
qubits with respect to the original algorithm, a limitation already identified in previous
work [28, 36]. Furthermore, the generation of follow-up computational inputs can
increase the number of input combinations that must be evaluated. Table 5 summarises
the number of circuits, qubits per circuit, and total input combinations defined by
each MR, considering both source and follow-up computational inputs.
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| Alg | Rule || #Qbits | #Inp' | MS (%) | Execution time (s) |
3 2 77.34 1549.72
MR1 4 2 69.92 1458612.72
DJ
3 2 77.34 268.92
MR2 4 2 69.92 60884.56
3 4 83.20 87.41
4 7 75.39 2280.49
MR1 5 7 77.73 11864.75
6 8 75.35 70617.00
3 2 83.59 16.68
BV 4 2 76.17 35.76
MR2 5 3 79.30 53.74
6 3 75.69 140.89
3 4 83.20 87.09
4 7 75.39 2285.13
MR3 5 7 7773 10944.78
6 8 75.35 72200.01
3 2 41.80 60.54
. 4 4 56.64 98.83
Simon | MRI 5 7 49.61 219.55
6 6 60.16 346.57

! Number of inputs at which the final mutation score was first obtained in
Experiment I.
Table 6 Experiment I: Mutation scores obtained through exhaustive
evaluation of the input space for each MR and algorithm configuration.

These requirements become particularly relevant when using simulation. An n-
qubit system is represented by a state vector with 2” amplitudes, while an operator
acting on the complete system has dimension 2™ x 2". Consequently, increasing the
number of qubits can considerably increase the computational and memory require-
ments of simulation, while increasing the number of input combinations results in a
larger number of test executions. These factors become increasingly significant as n
grows, eventually making exhaustive evaluation impractical.

Having defined the experimental configurations and their computational require-
ments, we evaluate the proposed MRs across the complete input space, verifying their
validity for the original quantum programs and assessing their fault-detection effec-
tiveness through mutation testing. The resulting mutation scores are presented in
Table 6, together with the number of inputs used to obtain each score and the cor-
responding execution time. These mutation scores establish the exhaustive references
used in Experiment II. These results allow us to address RQ1: How effective are
the proposed MRs at detecting faults in the selected quantum programs?

The results confirm that the proposed MRs are satisfied by the original quantum
programs across all evaluated input combinations and are capable of detecting faults in
the generated mutants, although their effectiveness varies across algorithms and con-
figurations. The BV MRs achieve the highest mutation scores, ranging from 75.35%
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to 83.59%, with similar results across the three MRs. The DJ MRs also exhibit con-
sistent fault-detection capability, with mutation scores between 69.92% and 77.34%.
Simon’s MR obtains lower scores, ranging from 41.80% to 60.16%. Overall, the results
provide a positive answer to RQ1, demonstrating the fault-detection effectiveness of
the proposed MRs while showing that it depends on the algorithm under test.

5.2 Input Reduction Experiments

While the previous experiment establishes the fault-detection capability of the pro-
posed MRs, Table 6 also shows that at most eight inputs were needed to obtain
the reported mutation scores during exhaustive evaluation. This motivates investigat-
ing whether randomly selected, reduced input sets can consistently reproduce those
results, and whether a similar pattern is observed as the input space grows.

We first consider the configurations for which exhaustive results are available: 3
and 4 input qubits for DJ, and 3 to 6 input qubits for BV and Simon, Experiment
II. For each configuration, inputs are randomly selected using 20 different seeds, pro-
gressively increasing their number from 2 to 20. For DJ, the selection is constrained
to include at least one constant-function input, ensuring representativity, while the
remaining inputs are randomly selected. The exhaustive mutation scores from Exper-
iment I provide reference values: reaching the corresponding score means that the
selected inputs detect all mutants identified as killable through exhaustive evaluation.
To address RQ2.1, we determine the minimum number of inputs required to reach this
reference for each seed, reporting its median and interquartile range, IQR. To address
RQ2.2, we analyse variability across seeds and the proportion reaching the reference at
each input count, accompanied by 95% Wilson confidence intervals to quantify uncer-
tainty. We also examine the evolution of the mean mutation score and its standard
deviation as additional inputs are considered.

Figure 3 shows the evolution of median mutation scores for BV, with shaded IQR
bands illustrating variation across random input selections. Figure 4 shows the propor-
tion of selections reaching the exhaustive reference as the number of inputs increases.
Table 7 complements these plots with the mean mutation scores at selected input
counts, the minimum input counts required, and the success rates at 10 inputs. These
results allow us to address RQ2.1: How many inputs are required to achieve
the mutation score obtained using the complete input space?

The evolution plots and Table 7 show that the exhaustive scores can be reproduced
with substantially fewer inputs. Both DJ MRs require three inputs across all seeds
and configurations, while the BV MRs require a median of two to four. Simon needs
more inputs in some configurations: the median is four for three qubits, six for four
qubits, 11.5 for five qubits, and eight for six qubits. Nevertheless, all 20 seeds reach
the exhaustive score by 15 inputs in every evaluated configuration. RQ2.1 is therefore
answered positively for these configurations: reduced input sets can reproduce the full
set of mutant detections established through exhaustive evaluation.

These results also allow us to address RQ2.2: How consistent is the required
number of inputs across different input selections?

Figure 4 and the IQR bands in Figure 3 shows that consistency depends on the
algorithm and configuration. DJ exhibits no variation, and most BV configurations
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Experiment II: BV (median and IQR)
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Fig. 3 Experiment II: Median mutation-score evolution for the BV MRs across 20 random input
selections; shaded regions represent the IQR.

reach their exhaustive scores within 10 inputs for every seed; the exceptions are BV
MR1 and MR3, where 18 or 19 of the 20 seeds succeed in some configurations. Simon
is more sensitive to input selection: at five and six qubits, respectively, only 8/20
and 16/20 seeds reach the reference within 10 inputs. These proportions correspond
to approximately 95% Wilson intervals of [21.9%, 61.3%] and [58.4%, 91.9%]. Thus,
RQ2.2 indicates high consistency for DJ and most BV configurations, but greater
variation for Simon. The results across 20 seeds do not guarantee the same input
counts for every possible random selection.

Having established that reduced input sets can reproduce exhaustive mutation
scores, we extend the analysis to larger configurations: 5, 6, and 7 input qubits for
DJ, and 7 input qubits for BV and Simon, Experiment ITI. As the input space grows,
the computational cost of exhaustive evaluation increases and will eventually become
impractical. We therefore investigate the behaviour of 20 random input selections,
using between 2 and 20 inputs, without an exhaustive score as a stopping refer-
ence. RQ3 focuses on mutation-score evolution, between-seed variability, and whether
further mutant detections occur after apparent plateaus.

Figure 5 present the median mutation scores and IQR bands for Simon. DJ is again
omitted because its scores remain constant across the evaluated input counts. Figure 6
highlights the gains obtained between 10 and 15 inputs, while Table 8 reports mean
scores at selected input counts and the number of seeds detecting additional mutants
between 10 and 20 inputs.
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Experiment II: success rate across seeds
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Fig. 4 Experiment II: Proportion of random input selections reaching the exhaustive mutation score
as the number of inputs increases.

These results allow us to address RQ3: Does the mutation score stabilise
with a limited number of inputs for larger quantum programs?

Figure 5, together with Table 8, show evidence of stabilisation within the evalu-
ated range, although the rate differs by algorithm. Both DJ MRs show no additional
detections beyond five inputs, and BV MR2 exhibits similarly limited variation. For
BV MR1 and MR3, one seed in each case detects additional mutants after 10 inputs.
Simon shows the clearest gains from additional inputs, as illustrated in Figure 6: its
mean mutation score rises from 54.17% at 10 inputs to 54.51% at 15, and 6 of the 20
seeds detect further mutants between 10 and 20 inputs. Thus, an apparent plateau in
an individual selection need not indicate that no further mutants can be detected.

By 15 inputs, all evaluated seeds within each configuration have the same mutation
score, with no additional detections up to 20 inputs. Their variability also decreases as
inputs are added; for Simon, for example, the standard deviation falls from 2.03 at five
inputs to 0.81 at ten and 0.00 at fifteen. These observations support RQ3 by providing
evidence that mutation scores can stabilise with a limited number of inputs. However,
unlike Experiment II, there is no exhaustive reference against which to establish that
every killable mutant has been detected.

Overall, the experiments show that the proposed MRs detect a substantial propor-
tion of the generated faults, RQ1, that reduced input sets can reproduce the exhaustive
results with varying consistency across algorithms and random selections, RQ2, and
that mutation scores show evidence of stabilisation for larger configurations without
an exhaustive stopping criterion, RQ3. The threats to the validity of these findings
are discussed in the following subsection.
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MR [ n Mean MS (%)*! | k*2

A | | s, | | SRyt |
‘ ‘ H ‘ H 5 inputs 10 inputs 15 inputs ‘ Median IQR ‘ ‘
MR1 3 77.34 77.34+£0.00 77.34+£0.00 77.3440.00 3 [3,3] 20/20
DJ 4 69.92 69.92+0.00 69.92+£0.00 69.92+0.00 3 [3,3] 20/20
MR2 3 77.34 77.34£0.00 77.34+0.00 77.3440.00 3 [3,3] 20/20
4 69.92 69.92 4+ 0.00 69.92£0.00 69.92+0.00 3 [3,3] 20/20
3 83.20 83.09+0.36 83.18 £0.09 83.20+0.00 2 [2,3.25] 19/20
MR1 4 75.39 75.37£0.09 75.39+£0.00 75.3940.00 2 [2,3] 20/20
5 77.73 77.58£0.27 7770+£0.12  77.7340.00 4 [2.75, 6] 18/20
6 75.35 75.30 £0.13 75.35+0.00 75.35+0.00 3 [2,3.25] 20/20
3 83.59 83.59 +£0.00 83.59 £0.00 83.59+0.00 2 [2,2] 20/20
BV MR2 4 76.17 76.17£0.00 76.17+£0.00 76.17 4 0.00 3 [3,3] 20/20
5 79.30 79.28 £0.09 79.30+0.00 79.30 4 0.00 2 [2,3] 20/20
6 75.69 75.68 £0.08 75.69+£0.00 75.69 4 0.00 2 [2,4] 20/20
3 83.20 83.09+0.36 83.18 £0.09 83.20+0.00 2 [2,3.25] 19/20
MR3 4 75.39 75.37£0.09 75.39+0.00 75.3940.00 2 [2,3] 20/20
5 77.73 77.58£0.27 7770+£0.12  77.734+0.00 4 [2.75, 6] 18/20
6 75.35 75.30 £0.13 75.35+0.00 75.35+0.00 3 [2,3.25] 20/20
3 41.80 41.80 £0.00 41.80+0.00 41.80 4 0.00 4 [4,4] 20/20
Simon | MR1 4 56.64 55.47 £0.00 56.64+0.00 56.64 & 0.00 6 [6,6] 20/20
5 49.61 46.97 +4.08 49.38 £0.20 49.61 +0.00 11.5 [9.75,13] 8/20
6 60.16 59.04 £2.35 60.08+0.16 60.16 & 0.00 8 [6,9] 16/20

1 Mean mutation scores are reported as mean + SD across 20 seeds.

2 k*: minimum inputs required to reach MS,11; IQR: interquartile range.

3 SR10: seeds reaching MSy,; with at most 10 inputs. All seeds reach it by 15 inputs.
Table 7 Input-reduction results for Experiment II, including the exhaustive mutation scores
obtained in Experiment I, Table 6.

5.3 Threats to Validity

One of the main threats to external validity concerns the selection of quantum algo-
rithms. By deriving and evaluating six MRs based on different properties of three
quantum algorithms, we have shown the applicability of our approach across distinct
algorithmic characteristics. Nevertheless, since the definition of MRs depends on the
specific properties and expected behaviour of each algorithm, their application to other
quantum programs may require further adaptations.

Another threat concerns the use of mutation score to assess the fault-detection
effectiveness of the proposed MRs. In particular, equivalent mutants cannot be
distinguished from surviving non-equivalent mutants without additional analysis,
potentially underestimating the mutation score. Although QCRMut provides a system-
atic mutant-generation process, the results remain dependent on the faults represented
by its mutation operators and the selected programs.

The input-reduction experiments introduce further threats related to random input
selection. To mitigate the influence of individual selections, we evaluate each config-
uration using 20 different seeds and analyse the variability of the resulting mutation
scores. Nevertheless, this number of repetitions provides only a limited estimate of
the behaviour across all possible input selections. Consequently, the number of inputs
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Experiment Ill: Simon (median and IQR)
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Fig. 5 Experiment III: Median mutation-score evolution for the Simon MR with seven input qubits;
shaded regions represent the IQR.

required to reproduce the exhaustive mutation score may vary for random selections
not covered by our experiments.

A related limitation concerns the interpretation of stabilisation in Experiment III.
Due to the computational cost associated with the growth of the input space, exhaus-
tive mutation scores are not calculated for larger configurations. Instead, we examine
how mutation scores evolve across random input selections without an exhaustive ref-
erence to determine when testing can stop. Consequently, the observed stabilisation
does not guarantee that further inputs would fail to detect additional mutants.

Finally, all experiments are conducted using quantum circuit simulation, which
does not fully reproduce the noise, hardware constraints, and execution variability
of real quantum devices. Although simulation provides a controlled environment for
evaluating the proposed MRs, their behaviour on actual quantum hardware remains
to be investigated. These limitations motivate further research into MR identifica-
tion, equivalent-mutant detection, input-selection strategies, and the application of
the proposed approach to real quantum systems and quantum algorithms employed
in practical applications.

6 Conclusion and Future Work

In this paper, we investigated the applicability and fault-detection effectiveness of MT
for three quantum query algorithms: Deutsch-Jozsa, Bernstein-Vazirani, and Simon.
We proposed six MRs derived from the properties of these algorithms and introduced
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Experiment Ill: gain from 10 to 15 inputs
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Fig. 6 Experiment III: Mutation-score gains obtained by increasing the inputs from 10 to 15.

Mean MS (%)!

‘ Seeds? ‘

g L owr

‘ ‘ H H 5 inputs 10 inputs 15 inputs 20 inputs ‘ ‘

5 67.58 £0.00 67.58+0.00 67.58+0.00 67.584+0.00 | 0/20

MR1 6 70.71+£0.00 70.714+0.00 70.71+0.00 70.7140.00 | 0/20

DJ 7 69.06 £0.00 69.06 +0.00 69.06 £0.00 69.06 +0.00 | 0/20

5 67.58 +£0.00 67.58+0.00 67.58+0.00 67.58+0.00 | 0/20

MR2 6 70.71+0.00 70.71+0.00 70.71+0.00 70.71+£0.00 | 0/20

7 69.06 £ 0.00 69.06 +0.00 69.06+0.00 69.06+0.00 | 0/20

MR1 76.28 £0.14 76.55+0.07 76.56 £0.00 76.56 + 0.00 1/20

BV MR2 7 77.80+0.07 77.81+0.00 77.81+0.00 77.81+0.00 | 0/20

MR3 76.28 £0.14 76.55+0.07 76.56 £0.00 76.56 + 0.00 1/20

| Simon | MR1 || 7 || 52.99+£2.03 54.17+0.81 54.514+0.00 54.51+0.00 | 6/20

1 Mean + SD across 20 random seeds.
2 Number of seeds detecting additional mutants between 10 and 20 inputs. No further detections
were observed beyond 15 inputs.
Table 8 Experiment III: Mutation-score evolution for larger configurations without exhaustive
input evaluation.

a general testing structure to translate them into executable tests. By integrating this
structure with QCRMut, we automated the generation of mutants and the execution
and evaluation of the resulting tests. Although the identification and definition of
MRs remain algorithm-specific tasks, the proposed framework automates their appli-
cation once they have been defined. Furthermore, the proposed BV MRs combine
the outputs within the quantum circuit before measurement, allowing their relations
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to be checked deterministically under ideal execution and minimising dependence on
statistical comparisons of measurement outcomes.

The experimental evaluation first verified that the proposed MRs were satis-
fied by the original programs across the evaluated input spaces and assessed their
fault-detection effectiveness through mutation testing, RQ1. This represents the first
systematic evaluation of the fault-detection capability of MRs for quantum algorithms
using automatically generated mutants. The results showed that all six MRs detected
faults, with mutation scores ranging from 69.92% to 83.59% for DJ and BV, and from
41.80% to 60.16% for Simon. Although these results demonstrate their fault-detection
capability, the presence of potentially equivalent mutants must be considered when
interpreting the mutation scores.

We then investigated whether the exhaustive mutation scores could be repro-
duced using fewer inputs, RQ2. Across 20 random selections per configuration, the
results showed that a relatively small number of inputs was sufficient to detect all
mutants identified as killable through exhaustive evaluation. DJ consistently required
three inputs, while the BV MRs required a median of between two and four inputs.
Simon generally required more inputs and exhibited greater variability across random
selections. Nevertheless, all evaluated selections reached their corresponding exhaus-
tive mutation scores within 15 inputs, demonstrating the potential for substantial
input reduction without compromising the observed fault-detection effectiveness. This
reduction is particularly relevant to the computational cost of testing, as evaluating
fewer inputs can reduce the number of required test executions and, consequently, the
computational resources needed for simulation.

Finally, we extended the evaluation to larger configurations without calculating
exhaustive reference scores, RQ3. The results showed that mutation scores tended
to stabilise as additional inputs were considered, with no further mutant detections
observed beyond 15 inputs within the evaluated range. However, some configura-
tions, particularly Simon, required more inputs before reaching an apparent plateau.
Since exhaustive evaluation was not performed for these configurations, the observed
stabilisation cannot guarantee that all killable mutants have been detected.

Overall, the results support MT as a promising approach for testing quantum
query programs, providing a systematic assessment of the fault-detection capability of
the proposed MRs using automatically generated mutants. The possibility of verifying
certain relations before measurement and reducing the number of inputs required
also offers opportunities to mitigate the computational costs associated with quantum
software testing. Nevertheless, the effectiveness of these reductions depends on the
algorithm, the proposed MR, and the input selection.

Future work will focus on extending the proposed approach to additional quan-
tum algorithms, particularly those used in practical applications. Since deriving MRs
requires analysing the specific properties of each algorithm, identifying suitable rela-
tions remains an important research challenge. We also intend to investigate strategies
for selecting inputs more effectively, reducing the number required to detect faults
without relying on exhaustive reference scores. Another direction concerns the iden-
tification of equivalent mutants, which would allow a more accurate assessment of
fault-detection effectiveness. Finally, we plan to evaluate the proposed approach under
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realistic noise conditions, initially using noisy simulators and eventually executing
tests on real quantum hardware to investigate its behaviour and computational cost
in practical environments.
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