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Abstract—Quantum programs are designed to run on quantum
computers, leveraging quantum circuits to solve problems that
are intractable for classical machines. As quantum computing
advances, ensuring the reliability of quantum programs has
become increasingly important. This paper introduces NovaQ,
a diversity-guided testing framework for quantum programs.
NovaQ combines a distribution-based test case generator with
a novelty-driven evaluation module. The generator produces
diverse quantum state inputs by mutating circuit parameters,
while the evaluator quantifies behavioral novelty based on in-
ternal circuit state metrics, including magnitude, phase, and
entanglement. By selecting inputs that map to infrequently
covered regions in the metric space, NovaQ effectively explores
under-tested program behaviors. We evaluate NovaQ on quantum
programs of varying sizes and complexities. Experimental results
show that NovaQ consistently achieves higher test input diversity
and detects more bugs than existing baseline approaches.

Index Terms—quantum programs, test case, diversity, magni-
tude, phase, entanglement

I. INTRODUCTION

Quantum programs are designed to run on quantum com-
puters, leveraging quantum circuits to solve problems that are
intractable for classical machines [1]. They are widely used
in domains such as cryptography [2], optimization [3], and
quantum simulation [4]. As quantum hardware and software
evolve, the increasing complexity of quantum circuits makes
ensuring the correctness and robustness of quantum programs
critical [5]–[7], particularly given the high cost of quantum
computation [8] and the susceptibility to subtle errors [9].

Despite growing interest in quantum computing, systematic
testing of quantum programs remains challenging and under-
developed [10], [11]. Traditional testing techniques are often
ineffective for quantum programs due to the probabilistic and
non-deterministic nature of quantum behavior [12]. Existing
approaches usually rely on randomly generated inputs [13],
which lack diversity and make bug detection difficult. These
challenges require new testing methodologies that can effi-
ciently explore the quantum input space and identify faults.

This paper presents NovaQ, a testing framework designed
specifically for quantum programs. NovaQ consists of two
core components: a distribution-based test case generator and
a novelty-driven test case evaluator. The generator creates test
inputs by sampling gate parameters from Gaussian distribu-
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tions [14], applying them to a parameterized initial quantum
circuit, and executing the circuit in the all-zero quantum
state to produce quantum state vectors. To maintain diversity,
NovaQ employs a mutation-based strategy that perturbs the
mean and variance of the parameter distributions throughout
iterations.

To evaluate test cases, NovaQ analyzes internal circuit state
metrics—such as magnitude, phase, and entanglement—to
compute a novelty score that quantifies behavioral diversity.
Test inputs that explore novel areas of the state space are
prioritized in subsequent iterations. This feedback loop enables
NovaQ to efficiently explore diverse circuit behaviors and
uncover bugs in quantum programs.

We evaluate NovaQ on a set of quantum programs with
varying circuit sizes and complexities. Specifically, we apply
NovaQ to extend the test case generator proposed by Ye et
al. in QuraTest [13], adjusting the three parameters of the U
gate to generate diverse test cases. The number of qubits in
the generated test cases ranges from 3 to 12. These test cases
are used as inputs to benchmark programs to assess their bug-
detection capability. Experimental results show that NovaQ
consistently outperforms baseline testing approaches in terms
of both test case diversity and fault detection. By combining
guided test case generation with diversity metrics tailored to
quantum behavior, NovaQ provides a promising approach for
enhancing the reliability of quantum software systems.

II. BACKGROUND

This section introduces essential background concepts re-
lated to quantum programs and quantum circuits.

A. Quantum Bits
The fundamental elements in quantum programs are quan-

tum bits, commonly referred to as qubits. A classical bit can
take the value 0 or 1, while a qubit can exist in a linear
superposition of these two basis states. The basis states |0⟩
and |1⟩ are represented as |0⟩ = [1, 0]⊤ and |1⟩ = [0, 1]⊤,
and are called computational basis states. A general qubit
state is written as |q⟩ = α |0⟩ + β |1⟩, where α and β
are complex numbers satisfying the normalization condition
|α|2 + |β|2 = 1.

B. Quantum Gates and Circuits
Quantum gates manipulate the states of qubits and form

the building blocks of quantum circuits. Similar to gates
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in classical digital circuits, quantum gates are linear and
reversible, operating on a fixed number of qubits with equal
numbers of input and output lines.

This paper uses the U gate, a commonly used single-qubit
gate, defined as:

U(θ, ϕ, λ) =
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Quantum circuits represent executable quantum programs.

They consist of an ordered sequence of quantum gates applied
to qubits, followed by measurement operations. The output of
a quantum circuit is obtained by measuring the final state of
the qubits.

C. Quantum Program Module

Similar to classical modules that encapsulate code for
specific functionality, quantum program modules encapsulate
reusable units composed of quantum gate sequences, subcir-
cuits, measurement operations, or subalgorithm implementa-
tions. For instance, the Inverse Quantum Fourier Transform
(IQFT) module [15] is a widely used module for converting
phase information into magnitude information.

III. METHODOLOGY

A. Overview

NovaQ consists of two main components: a test case gen-
erator that produces qubit states based on quantum circuits
equipped with parameters sampled from Gaussian distributions
and a test case evaluator that quantifies diversity using internal
quantum state metrics. The testing process iteratively mutates
parameter distributions, generates test circuits, evaluates their
behavioral novelty, and retains the most promising distribu-
tions for further mutation. The overall workflow is shown in
Figure 1.

Fig. 1: Workflow of NovaQ. The module labeled with a
shadow (i.e., QP) represents the quantum programs under test.

B. Distribution-Based Test Case Generation

The core of NovaQ’s test case generation lies in constructing
parameterized initial quantum circuits. Each seed is defined as
a pair of real numbers that represent the mean and variance
of a normal distribution N(µ, σ). Samples drawn from these
distributions are used to parameterize the U gates in the
initial circuit. Each circuit consists of these parameterized

gates followed by a fixed Inverse Quantum Fourier Transform
(IQFT) layer to introduce complex interference patterns.

By setting different values for the U gate parameters θ,
ϕ, and λ, applying these gates to each qubit initialized in
the |0⟩ state results in qubit states with varied characteristics.
The initial circuit takes the all-zero quantum state |0⟩⊗n as
input and outputs a qubit state vector. This vector is then used
as the input to the quantum program under test. Without the
use of diverse initial circuits, the generated test inputs would
lack variation, significantly reducing the likelihood of exposing
bugs. We formally define a test case as follows:

Definition 1. A test case refers to the output qubit state vector
of the initial quantum circuit—comprising parameterized U
gates and an IQFT layer—when executed on the all-zero input
state |0⟩⊗n.

To ensure diversity in test inputs, NovaQ initializes multiple
seed distributions and applies small mutations to them in each
iteration. For each seed, a fixed number of test circuits is
generated and evaluated for behavioral diversity and fault-
detection potential.

Definition 2. A bug in a quantum program refers to a violation
of the expected input-output correspondence. In a correct
quantum program, the output probability distribution should
remain consistent for a given input; any deviation from this
expected behavior may indicate the presence of a bug.

C. Diversity-Based Evaluation and Bug Detection

To effectively identify faults in quantum programs, it is
crucial to explore the qubit state input space thoroughly.
For each test case, the execution result on the target
quantum program is analyzed to extract internal quantum
state features—specifically, phase, magnitude, and entangle-
ment—using vector simulations. To prevent generated test
cases from trapping in specific regions of the input space,
we design the novelty score, which guides the exploration
toward underrepresented behaviors in the input space, thereby
enhancing test case diversity.

To evaluate novelty, the continuous space defined by the
three metrics is discretized into a finite set of grid cells. Each
metric is first normalized to the range [ld, ud], and then divided
into N equal intervals. Thus, each qubit state is mapped
to a unique grid cell defined by its discretized magnitude,
phase, and entanglement values. The novelty score of a state is
inversely related to the frequency with which its corresponding
grid cell has been visited: the less frequently visited, the more
novel. This computation is formalized as follows:

ηd =

⌊
ud − ld

N
· (ϕd − ld)

⌋
(1)

Here, ηd is the index of the interval for metric d, and ϕd is
the metric value (e.g., magnitude, phase, or entanglement). For
each qubit state, we obtain the triplet (ϕm, ϕp, ϕe) representing
its metrics, which is then mapped to the discrete grid cell
(ηm, ηp, ηe).
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Definition 3. The novelty score of a qubit state is defined
as the relative visitation frequency ρ

N3 of its corresponding
grid cell, where ρ is the number of previously recorded states
mapped to that cell. A lower novelty score indicates that the
state lies in a region of the metric space that is rarely explored.

D. Iterative Selection and Optimization

The test generation process follows an iterative mutation-
selection loop. After generating and evaluating the test circuits
from the current seed set, each seed is scored based on
the average novelty of its corresponding test cases. The top-
performing seeds are selected to form the next generation,
guiding the search toward distributions that yield diverse and
potentially fault-revealing inputs. Specifically, the mean and
variance are sampled within the ranges [−15, 15] and [0.1, 30],
respectively. Each mutation perturbs the values of mean and
variance as follows:

µ′ = µ+∆µ, ∆µ ∈ [−0.5, 0.5]

σ′2 = σ2 +∆σ2, ∆σ2 ∈ [−0.5, 0.5]

This process continues until a user-defined budget (e.g., total
number of test cases) is reached.

IV. EVALUATION

We evaluated the effectiveness of NovaQ by comparing
it with a baseline method in terms of test case diversity
and bug detection capability. The evaluation follows the test-
ing methodology described in [13], and measures the fault-
detection performance of test cases generated by both the
baseline and NovaQ.

RQ1: Does NovaQ generate more diverse test cases com-
pared to the baseline?

To answer this question, we compare the diversity of test
cases generated by NovaQ with that of the baseline. Diversity
is evaluated using a discretized 10 × 10 × 10 grid on three
quantum-specific metrics: magnitude, phase, and entangle-
ment, as proposed in [13]. A higher number of occupied grid
cells indicates greater diversity.

We apply both methods to the IQFT generator. While the
baseline study in [13] reports results only for 5-qubit circuits,
our evaluation includes circuits with 3, 5, 7, 10, and 12 qubits,
for a broader comparison between different circuit sizes.

In NovaQ, the initial seed pool contains n = 10 randomly
initialized seeds. For each iteration, we apply controlled mu-
tations to the three parameters (θ, ϕ, λ) of all U gates in
the selected seeds. The mutation range for both mean and
variance of the parameter distributions is ±0.5. To avoid
premature convergence to local optima, each seed selected
for the next generation has a 10% probability of undergoing
random mutation instead of guided mutation.

After generating all N = 1500 test cases, we compute
the diversity by counting the number of occupied grid cells
in the three-dimensional space defined by the three metrics.
The results are summarized in Table I. Across all qubit sizes,
NovaQ consistently generates more diverse test cases than the

baseline. For qubit numbers of 3, 5, 7, 10, and 12, NovaQ
achieves improvements of 10.57%, 13.07%, 39.40%, 55.73%,
and 107.37%, respectively, in test case diversity compared to
the baseline. Because the input space expands exponentially
with the number of qubits, leading to an increased propor-
tion of certain grid regions within the space. The baseline’s
random parameter generation often becomes trapped in high-
proportion grids, NovaQ leverages a novelty-driven mecha-
nism to explore uncovered regions, thereby attaining substan-
tially higher coverage, especially for larger qubit systems.

TABLE I: Grid Coverage in 1,500 tests of Baseline vs. NovaQ

Qubit Number Baseline NovaQ
Grids Coverage Rate Grids Coverage Rate

3 634 63.4% 701 70.1%
5 574 57.4% 649 64.9%
7 434 43.4% 605 60.5%
10 192 19.2% 299 29.9%
12 95 9.5% 197 19.7%

RQ2: In what way does NovaQ outperform the baseline?
To further analyze the results, we use the 12-qubit case from

RQ1 as a representative example. In Figure 2, we use three
three-view diagrams to show the experimental results, which
were originally three-dimensional diagrams. Figures 2a and 2b
show the distribution of test cases across the three diversity
metrics. For magnitude and entanglement scores, both meth-
ods yield similar results. However, in the phase dimension,
NovaQ generates more diverse test cases, leading to higher
overall diversity. This demonstrates that NovaQ’s novelty-
driven mechanism is effective in guiding test generation toward
under-explored areas of the state space. Furthermore, the
results indicate that NovaQ’s effectiveness in RQ1 mainly
comes from enhanced grid coverage of phase scores.

(a) Scores of Baseline

(b) Scores of NovaQ

Fig. 2: Diversity difference between Baseline and NovaQ of
12-qubit. The blue, green, and red parts represent the results
based on the dimensions of (magnitude, phase), (magnitude,
entanglement), and (phase, entanglement), respectively.

RQ3: Are the test cases generated by NovaQ more effective
in detecting bugs in quantum programs compared to those
generated by the baseline?
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To answer this question, we evaluate the fault-detection
capability of test cases produced by both NovaQ and the base-
line. Following the methodology in [13], we randomly replace
certain quantum gates in the common quantum algorithms
with arbitrary quantum gates and filter out buggy programs
that affect the original functionality according to Definition
2 as the benchmark. We then measure the detection rate for
each test suite generated by NovaQ and the baseline. A higher
detection rate indicates stronger fault sensitivity and better
testing effectiveness.

TABLE II: Number of bugs found in 1,500 tests of Baseline
vs. NovaQ

Program Baseline NovaQ
Bugs Found Accuracy Bugs Found Accuracy

Grover-03 1270 84.7% 1367 91.1%
Grover-05 1258 83.9% 1405 93.7%
Grover-07 1249 83.3% 1391 92.7%
Grover-10 1280 85.3% 1426 95.1%
Grover-12 1280 85.5% 1412 92.1%

PE-05 1251 83.4% 1387 92.5%
QFT-05 1277 85.1% 1341 89.4%

We conducted experiments using a faulty implementation of
Grover’s algorithm as a benchmark. In each run, we generate
1,500 test cases and count the number of faulty programs
correctly identified. The results are summarized in Table II.
Across all tested circuit sizes, NovaQ detects significantly
more bugs than the baseline. For example, in the 12-qubit
setting, NovaQ detects 1412 faults (92.1% accuracy), com-
pared to 1280 faults (85.5% accuracy) by the baseline. This is
because a quantum program may involve many possible exe-
cution branches, and faults can occur in any of the branches.
By increasing the diversity of test cases, a wider range of
branch combinations can be exercised, thereby improving the
chances of exposing hidden bugs.

RQ4: How do the growth rates of Grid compare under the
two methods?

To answer this question, we select the results of 15,000 test
cases generated when the number of qubits is 3 for baseline
and NovaQ, and plot a graph showing the relationship between
the number of grids and the number of test cases. As Figure 3
shows, NovaQ has a higher growth rate than the baseline
in generating more types of test cases. Furthermore, when
generating the same number of test cases, NovaQ consistently
generates more diverse test cases than the baseline.

Figure 3 also shows that when generating a particularly
large number of test cases, although it is difficult for the new
test cases generated by baseline and NovaQ to become more
diverse, the upper limit of diversity of the test cases generated
by NovaQ is higher than that of the baseline. This indicates
that the mutation parameter method in NovaQ can generate
types of test cases that cannot be generated by the pure random
method in the baseline.

V. RELATED WORK

Quantum software testing faces fundamental challenges due
to the non-deterministic nature of quantum programs. Several
studies [10], [12], [16] have surveyed the current landscape

Fig. 3: 15,000 Test Case Results of 3-qubit: Baseline vs NovaQ

of testing approaches and challenges. To support system-
atic investigation, benchmark datasets have been developed.
Bugs4Q [17], [18] collects 36 validated bugs from Qiskit and
extends to 42 from GitHub and community platforms, while
QBugs [19] provides a framework for organizing and repro-
ducing quantum software bugs in a controlled setting. Build-
ing on these resources, various testing techniques have been
explored, including search-based testing [20], combinatorial
testing [21], metamorphic testing [22], concolic testing [23],
mutation testing [24], and black-box testing [25], [26].

Beyond these methods, test case generation, a crucial step in
classical software testing, has also been adapted for quantum
programs. Coverage-based approaches have been proposed to
generate effective test cases [20], [21], [27], and QuraTest [13]
leverages quantum properties to guide generation, though
existing methods have not fully exploited such properties to
enhance diversity. NovaQ addresses this limitation by adopting
a diversity-guided strategy to select more informative test
cases. Complementary to test generation, several quantum-
specific coverage criteria [28]–[31] have been introduced to
support systematic evaluation, and tools and frameworks [30],
[32]–[34] have been developed to facilitate test execution and
assertion checking, together forming a growing ecosystem of
quantum testing support.

VI. CONCLUSION

This paper presents NovaQ, a testing framework tailored
for quantum programs. Unlike existing approaches that rely
on random parameter generation, NovaQ employs a mutation-
based strategy that perturbs the mean and variance of pa-
rameter distributions during test case generation to improve
diversity. Experimental results show that across various qubit
numbers, NovaQ outperforms the baseline method in terms
of test case diversity and fault detection. Moreover, NovaQ
achieves more effective exploration in the phase property.

Future work will explore applying NovaQ to additional test
case generators beyond the UCNOT and IQFT methods, and
evaluate its effectiveness across a broader range of quantum
programs to further validate the impact of test case diversity
on fault detection.
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