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ABSTRACT— Multi-objective optimization in quantum
systems poses formidable challenges stemming from the
high dimensionality, complex constraints, and conflicting
performance metrics inherent to quantum control tasks
and circuit synthesis. This study presents a
comprehensive exploration of genetic Al algorithms—
evolutionary strategies inspired by natural selection—
tailored specifically for multi-objective optimization in
quantum computing contexts. We propose a hybrid
framework that synergistically combines the elitist,
Pareto-based selection mechanics of NSGA-II with
quantum-inspired crossover and mutation operators
designed to preserve entanglement structures and exploit
hardware-specific gate sets. In this framework, candidate
solutions encoding circuit topologies or control-pulse
parameters undergo iterative evolution, guided by fitness
vectors that balance gate fidelity, circuit depth, and
resource overhead. To benchmark performance, we apply
the algorithm to canonical quantum computing problems:
Fourier transform circuits, QAOA ansiitze for MaxCut

instances, and random Clifford+T -circuits. Through

extensive simulation on noise-modelled quantum devices,
we evaluate Pareto front coverage, convergence speed,
diversity maintenance, and robustness under
decoherence. Qur results demonstrate that the proposed
genetic Al algorithm outperforms classical single-
objective genetic methods and established multi-objective
evolutionary algorithms (e.g., SPEA2) by achieving
broader Pareto fronts and faster convergence rates, while
maintaining solution diversity. Furthermore, noise-
resilience experiments show graceful degradation,
indicating practical applicability on near-term quantum
hardware. These findings substantiate the potential of
evolutionary computation paradigms—augmented with
quantum-inspired operators—to address the intricate
trade-off surfaces that define NISQ-era optimization
problems, paving the way toward automated quantum
circuit design and control parameter tuning for real-

world quantum computing applications.
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INTRODUCTION

The advent of quantum computing has ushered in a new
computational paradigm that exploits the principles of
superposition, entanglement, and quantum interference to
tackle problems beyond the reach of classical computers.
Quantum algorithms such as Shor’s factoring routine and
Grover’s search demonstrate theoretical speedups for
cryptography and unstructured search, respectively.
However, translating these algorithms into physical
implementations on noisy intermediate-scale quantum
(NISQ) devices demands careful optimization across
multiple, often conflicting, objectives: maximizing gate
fidelity, minimizing circuit depth to mitigate decoherence,
and constraining ancillary resource usage to fit limited qubit
counts. Traditional optimization methods—ranging from
gradient-based techniques to heuristic local search—
frequently fall short when confronted with nonconvex,
discrete, and discontinuous objective landscapes inherent in

quantum circuit compilation and control parameter tuning.

Evolutionary Quantum Optimization

Figure-2.Evolutionary Quantum Optimization

Genetic algorithms (GAs), which mimic evolutionary
processes through populations of candidate solutions
undergoing selection, crossover, and mutation, offer a
promising alternative. Their population-based search enables
exploration of multiple regions of the search space
simultaneously, naturally generating diverse trade-off
solutions along an approximate Pareto front. Building upon
seminal multi-objective evolutionary algorithms (MOEAs)
like NSGA-II and SPEA2—which introduced fast non-
dominated sorting, crowding-distance diversity maintenance,
and external-archive concepts—researchers have
demonstrated the efficacy of GAs in a variety of engineering
domains, including aerodynamic design and electrical
network optimization. Yet, the direct application of classical
MOEAs to quantum tasks must address domain-specific
constraints such as quantum hardware connectivity, gate set

discreteness, and noise susceptibility.

In response, hybrid approaches that integrate quantum-
inspired genetic operators have begun to emerge. These
methods leverage quantum phenomena—such as path-
invariant entanglement patterns—to guide crossover
operations, or employ quantum annealing subroutines for
mutation, yielding improved global search capabilities on
spin-glass and circuit synthesis benchmarks. However,

existing frameworks often optimize a single objective (e.g.,
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fidelity) or lack mechanisms for robust diversity maintenance
in multi-objective scenarios, limiting their applicability for

comprehensive quantum system design.

This manuscript introduces QA-MOEA, a unified genetic Al
framework that couples NSGA-II’s elitist selection and
diversity preservation with entanglement-aware crossover
and adaptive mutation operators inspired by recent quantum-
enhanced GA research. We demonstrate the algorithm’s
capabilities on benchmark quantum circuits—quantum
Fourier transforms, QAOA ansitze, and random gate
sequences—evaluating performance metrics such as Pareto
front hypervolume, convergence speed, and noise resilience.
Through detailed analyses, we show that QA-MOEA not only
outperforms classical MOEAs in covering broader trade-off
surfaces but also maintains solution diversity critical for
hardware-aware implementations. The remainder of this
paper is structured as follows: Section 2 reviews foundational
literature in multi-objective genetic algorithms and quantum-
enhanced variants; Section 3 details the representation,
fitness encoding, and genetic operators of our methodology;
Section 4 presents experimental results and discussion; and
Section 5 concludes with future research directions aimed at
scaling these techniques toward larger qubit architectures and

real quantum hardware deployments.

LITERATURE REVIEW

Multi-objective optimization has long been a vibrant research
area within evolutionary computation. Classical MOEAs,
beginning with Pareto-ranking concepts and culminating in
NSGA-II’s fast non-dominated sorting and crowding distance
measures, have matured into versatile tools for balancing
conflicting objectives. Deb et al. (2002) introduced NSGA-II,
which combines elitism with an explicit diversity metric,
delivering robust performance across bi- and tri-objective
benchmarks. SPEA2, proposed by Zitzler et al. (2001),

employs an external archive and density estimation to refine

Pareto set approximations, further enhancing diversity
control. Decomposition-based approaches such as MOEA/D
(Zhang & Li, 2007) decompose multi-objective problems into
scalar subproblems, optimizing them cooperatively and

offering favorable scaling for many-objective cases.

Theoretical analyses have provided deeper insights into
MOEA behavior. Recent runtime bounds for NSGA-II on
simplified benchmark problems illustrate polynomial
convergence guarantees under certain selection regimes.
Investigations into noise robustness reveal that crowding-
distance mechanisms afford resilience against stochastic
fitness evaluations, a property particularly relevant to
quantum simulations where statistical sampling introduces
noise. However, challenges persist when applying these
algorithms to high-dimensional or discrete domains,

highlighting the need for problem-specific adaptations.

In parallel, quantum-inspired and quantum-assisted genetic
algorithms have emerged. Nowotniak and Kucharski (2014)
introduced quantum-inspired genetic algorithms (QIGAs)
that use quantum register representations to capture gene
correlations, yielding performance gains on deceptive
combinatorial tasks. King et al. (2019) proposed Quantum-
Assisted Genetic Algorithms (QAGA), leveraging reverse
quantum annealing for mutation enhancement, demonstrating
improved global search on spin-glass instances. Siinkel et al.
(2023) developed GA4QCO, applying classical genetic
operators to circuit topologies, achieving automated quantum
circuit synthesis with fidelity-depth trade-offs tailored to
NISQ architectures. Haghighi et al. (2025) introduced
entanglement-aware crossover in EAQGA, preserving multi-
qubit entanglement blocks during reproduction to maintain
structure and improve convergence on multi-objective circuit

benchmarks.

Quantum circuit compilation and optimal control represent

two primary application areas. Circuit compilation
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transforms abstract quantum algorithms into hardware-
compatible gate sequences, subject to connectivity graphs
and depth minimization. Bracken and Browne (2022)
demonstrated GA-based compilation of QAOA circuits,
optimizing depth under coupling constraints. Continuous
parameter optimization approaches complement discrete GA
methods, enabling fine-tuning of analog gates for
performance improvements. Quantum optimal control
focuses on determining time-varying pulse parameters to
realize desired unitary transformations with high fidelity.
While gradient-based control methods dominate, GAs
provide an alternative when gradient information is unreliable

or unavailable.

Despite these advances, existing methods often address single
objectives or lack scalable mechanisms for many-objective
trade-offs. There remains an opportunity to integrate classical
Pareto-based selection with quantum-inspired genetic
operators into a unified framework capable of addressing the
multifaceted requirements of NISQ-era optimization tasks:
balancing fidelity, depth, and resource constraints while
accounting for connectivity and noise. Our proposed QA-
MOEA aims to fill this gap by fusing proven MOEA

strategies with domain-specific genetic enhancements.

METHODOLOGY

Solution Representation

We consider two primary problem domains: (1) quantum
circuit synthesis and (2) quantum control parameter tuning.
In circuit synthesis, each individual is encoded as a variable-
length sequence of gates drawn from a hardware-specific set
(e.g., {H, CX, RZ(0)}), ensuring connectivity constraints are
respected via adjacency checks during initialization and
mutation. Pulse sequence individuals encode discretized
amplitude and phase values across temporal slices, bounded

by hardware-imposed maxima.

Objective Functions and Fitness Encoding

To capture the multi-objective nature of quantum system
design, we define three fitness components for each

individual i:

1. Gate Fidelity (F;): Estimated via process fidelity
simulations comparing the implemented unitary
against the target operation, averaged over random
input states.

2. Circuit Depth (Di): Total number of sequential
layers, directly impacting coherence time
requirements.

3. Resource Overhead (R;): Metrics such as total gate
count or ancilla qubit utilization, reflecting hardware

resource consumption.

We construct the fitness vector f; = (—Fj, D, R;) to convert the
maximization of fidelity into a minimization problem,

consistent with NSGA-II’s sorting.

Genetic Operators

1. Selection

We adopt NSGA-II’s non-dominated sorting algorithm and
crowding-distance selection for parent choice. This
mechanism preserves elitism while promoting diversity by
selecting individuals that are nondominated and well-spaced

along the Pareto front.

2. Crossover

Two crossover schemes are implemented:

e One-Point Crossover for gate sequences, splitting
parent chromosomes at a random locus.
o Entanglement-Aware Crossover, inspired by

EAQGA, which identifies contiguous blocks of
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entangling gates (CX, CZ) and swaps these blocks
wholesale between parents. This preserves multi-

qubit structure critical for high-fidelity solutions.

3. Mutation

Our mutation operator combines discrete and continuous

perturbations:

e Gate Sequence Mutations: Random gate deletion,
insertion, or swap operations, adapted from Kolle et
al. (2025), with probabilities adjusted based on
population diversity metrics.

e Parameter Mutations: Gaussian perturbations of
pulse amplitudes and phases, with standard
deviations scaled inversely to selection pressure to

balance exploration and exploitation.

Adaptive mutation rates are employed: when crowding
distances  decrease below a  threshold—indicating
convergence—mutation rates increase to avoid premature

stagnation.

Algorithm Workflow

1. Initialization: Generate an initial population of size
N with random but constraint-valid individuals.

2. Evaluation: Compute fitness vectors via quantum
circuit simulation (using Qiskit Aer) or control pulse
simulator.

3. Selection: Apply non-dominated sorting and
crowding-distance selection to form a mating pool
of size N.

4. Variation: Produce N offspring via crossover and
mutation.

5. Elitism: Combine parents and offspring into a
temporary population of size 2 N_, then select the
best &V individuals via NSGA-IL

6. Termination: Repeat steps 2—5 for G generations or
until convergence criteria (e.g., hypervolume

improvement < g) are met.

Implementation and Parameters

Experiments use population sizes of 100 and 200, over 250
generations, with five random seeds per benchmark for
statistical robustness. Simulations incorporate noise models
reflecting the IBM Eagle backend’s error rates.
Hypervolume, generational distance, and spread metrics

evaluate Pareto front quality.

RESULTS AND DISCUSSION

Benchmark Problems

We test QA-MOEA on three representative tasks:

. 4-Qubit Quantum Fourier Transform (QFT),
targeting minimal depth implementations.

2. 6-Qubit QAOA for MaxCut, optimizing depth and
fidelity across 1- and 2-round ansitze.

3. Random 5-Qubit Clifford+T Circuits, with target

depth 20, to evaluate generalization.

Pareto Front Quality

Hypervolume indicators measure the volume covered by
Pareto fronts in the normalized objective space. QA-MOEA
achieves hypervolumes 15-25% higher than NSGA-II and
SPEA2 across all benchmarks (p < 0.01, Wilcoxon test),
indicating broader coverage of optimal trade-offs. Figures 1
and 2 illustrate representative fronts for the QFT and QAOA
tasks, showing QA-MOEA’s ability to discover lower-depth,

higher-fidelity solutions simultaneously.

Convergence Speed
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Generational hypervolume plots reveal that QA-MOEA
reaches 90% of final hypervolume within ~120 generations
on average, compared to ~180 for NSGA-II and ~200 for
SPEA2. Entanglement-aware crossover accelerates early
fidelity gains by preserving critical gate structures, while

adaptive mutation prevents stagnation in mid-generations.

Diversity Maintenance

Crowding-distance distributions along final Pareto fronts
show that QA-MOEA maintains more uniform spacing,
avoiding clustering observed in baseline MOEAs. This
uniform diversity is essential when selecting candidate
circuits for hardware execution, ensuring a range of depth-

fidelity trade-offs.

Robustness to Noise

Under depolarizing noise (gate error rates up to le-3), QA-
MOEA’s median fidelity drop is ~6%, compared to ~9% for
NSGA-II and ~11% for SPEA2. This graceful performance
degradation demonstrates the benefit of quantum-inspired
operators in identifying noise-resilient circuit structures, a

critical factor for NISQ-era applications.

Statistical Validation

Wilcoxon signed-rank tests across 30 independent runs
confirm statistical significance (p < 0.01) for hypervolume
and convergence speed improvements. Standard deviations
of final hypervolumes are below 2% for QA-MOEA,

indicating consistent performance.

CONCLUSION

We have introduced QA-MOEA, a genetic Al framework that
integrates NSGA-II’s Pareto-based selection with quantum-
inspired crossover and adaptive mutation operators to address

multi-objective optimization challenges in quantum system

design. Through extensive benchmarking on QFT, QAOA,
and random Clifford+T circuits, we demonstrate that QA-
MOEA achieves superior Pareto front coverage, faster
convergence, and enhanced noise resilience compared to
classical MOEAs. Key contributions include entanglement-
aware crossover preserving multi-qubit structures, adaptive
mutation rates maintaining diversity, and a unified
methodology applicable to both circuit synthesis and control

parameter tuning.

Future work will extend QA-MOEA to many-objective
scenarios—incorporating additional objectives such as gate
runtime and hardware-specific error maps—and explore
hybrid quantum-classical executions leveraging cloud-
accessible quantum processors for operator evaluations.
Integrating quantum annealing or variational quantum
circuits within the genetic operators may further boost search
capability. Finally, theoretical analyses of QA-MOEA’s
runtime and convergence properties, informed by recent
MOEA studies under noisy evaluations, will guide parameter

tuning for larger qubit systems.

In conclusion, evolutionary computation paradigms—
augmented with quantum-inspired mechanisms—offer a
powerful approach to navigating the complex trade-off
surfaces that define near-term quantum computing
applications, moving us closer to practical implementations

of quantum advantage.
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