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Abstract

Multi-objective optimization (MOO) remains a significant computational challenge, particularly for
high-dimensional, non-convex problems which demand substantial computational effort from
traditional evolutionary algorithms to obtain a Pareto front that is both well converged and
uniformly diverse. To address this challenge, this work presents the quantum-assisted non-
dominated sorting genetic algorithm (QANSGA), a novel hybrid heuristic that leverages principles of
quantum annealing to enhance the core mechanisms of classical MOO genetic algorithm. The
quantum component is realized via a D-Wave quantum annealer, which is used to implement
quantum mutation operators and facilitate the injection of highly promising quantum solutions into
the classical population pool. This hybrid mechanism fundamentally improves the population’s
diversity maintenance, the global search capability and accelerates its convergence dynamics toward
the true Pareto-optimal set, achieving the desired global optimum Pareto front in fewer generations.
To rigorously evaluate its performance, we benchmark QANSGA against leading classical genetic
algorithm (GA) for MOO problems, which is non-dominated sorting genetic algorithm (NSGA-II)
across a widely used suite of complex multi-objective benchmark problems.

The results provide compelling evidence for the efficacy of quantum-inspired heuristics in
overcoming the efficiency bottlenecks of conventional MOO methods. The study concluded that
QANSGA outperforms classical NSGA-II in terms of convergence and diversity by 33% and 42%
respectively on an average when applied to 6 benchmark multi-objective problems. This work
positions QANSGA as a valuable new hybrid algorithm, paving the way for novel approaches to tackle
multi-objective, complex optimization challenges in areas like energy system design, resource
allocation, and logistics.

Nomenclature

Latin symbols

A,B Time dependent coefficient
C Constraint

D Design samples

fhg functions

H Hamiltonian

] Coupling strength

l Local biases

M Total number of objectives
m Total number of variables
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Abbreviations
GA

GD

HV

IGD
MOO
MOQSOA
NDS
NSGA
oSy

PSD

QA
QAGA
QANSGA
QEEA
QUBO
TNK
VQA

ZDT

1. Introduction

Population

QUBO coefficients
Spin

Continuous variable
Weight matrix

Design variable

Complex probability amplitude
Decoding function

Quantum state

Maximum

Minimum

Generation

Variable

Number of quantum solutions
variable index

Total number

Genetic algorithm
Generational distance

Hyper volume

Inverted generational distance

Multi-objective optimization

Multi-objective quantum-inspired seagull optimization algorithm

Non-dominated sorting

Non-dominated sorting genetic algorithm
Osyczka

Positive semi definite

Quantum annealing

Quantum assisted genetic algorithm
Quantum assisted non-dominated sorting genetic algorithm
Quantum enhanced evolutionary algorithm
Quadratic unconstrained binary optimization
Tanaka

Variational quantum algorithm

Zitzler Deb Thiele

RKansaraetal

Conventional parameter optimization techniques aim to identify a single optimal solution by consolidating
multiple objectives into a single scalar value, frequently through the use of weighted sums. While effective,
when objectives are correlated, this approach fails in complex engineering and design problems where
objectives are inherently conflicting; for example, maximizing performance while simultaneously minimizing
cost or weight [1]. In these cases, no single design can be considered globally superior.
Multi-objective optimization (MOO), also referred to as Pareto optimization, tackles this issue by deter-
mining a set of optimal trade-off solutions, which together constitute the Pareto set. When these solutions are

projected onto the objective space, they form the Pareto front. Providing this front facilitates designers and
engineers to select a design that best fits their needs, with a clear understanding of the compromises involved.
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Non-dominated Fronts
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Figure 1. Non-dominated Pareto fronts by Ranks of dominance in minimizing two-objectives f; and f,. The illustrative example is
recreated from [1].

The optimization problems discussed here are typically defined by the goal of minimizing (or maximizing) p
objective functions fi(x), while satisfying q inequality constraints C;(x)<0, where x represents the n design vari-
ables. The generic multi-objective problem is shown as:

min  (f,(x), ,(%),....f,, (X)) ey
subjectto Ci(x) <0, j=1,2,..9 )
x € R” 3)

1.1. Non-dominated sorting

A common and highly effective strategy for ranking candidate designs in MOO is non-dominated sorting
(NDS) [2, 3]. The designs are referred to as solutions. The core principle of NDS is Pareto dominance: Design A
is said to dominate Design B if A is better than B in at least one objective function and is not worse than B in all
other objective functions.

The NDS process iteratively ranks the designs within a population. The first step searches and recognizes all
feasible solutions that are not dominated by any other solution in the current set; these solutions are assigned
Rank 1 and constitute the current non-dominated set. Conceptually, these designs are removed, and the NDS
process is repeated on the remaining designs to determine Rank 2, and so forth as shown in figure 1. The set of
Rank 1 designs is often referred to as alocal Pareto front, which, as the optimization process progresses, must
converge toward the true Pareto front. true Pareto front consists of the set of solutions which are non-domi-
nated across the entire search space.

1.2. Performance and efficiency of the multi-objective optimization algorithm

The performance of a MOO algorithm can be assessed with different metrics. It requires a comprehensive
evaluation of the quality of the resulting solution set. Unlike single-objective optimization, which mainly relies
on a single fitness value, MOO algorithm is compared using criteria that quantify the convergence to true
Pareto front and how effectively it covers and represent objective space.

Some of the criteria to assess the performance of a MOO algorithm are: execution time of the algorithms
[4]; convergence to the bench-marking optimal Pareto front, indicated by the normalized generational distance
(GD) [5]; normalized inverted generational distance (IGD) to quantify both the convergence and the diversity
[6]; spread indicator introduced by [7]; spacing, which shows the uniformity of the solution set by measuring
the standard deviation of the distances between consecutive solutions [8]; hypervolume (HV) [9]; total number
of generations require to reach true Pareto front [10].

For the purposes of this discussion, we consider two criteria: the evaluation of the quality and convergence
of the results. For each chosen MOO the GD, IGD and HV are calculated and compared for different number of
generations. The comparison shows the performance of each multi-objective algorithm in terms of accuracy,
diversity and computational efforts. The efficiency of a Pareto optimization algorithm is assessed based on the
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computational effort required, particularly the minimum number of evaluations needed to achieve a high-
quality approximation of the true Pareto front [1].

1.3. Research gap in multi-objective quantum algorithms

Quantum computing is rapidly gaining prominence across disciplines due to its capability for significant
computational acceleration [11, 12], with development focusing primarily on two architectures: universal
quantum computers and specialized quantum annealers. While universal systems offer high flexibility for
diverse problems [13], their current hardware is limited to a few hundred qubits, restricting the size of
optimization problems [ 14]. Conversely, quantum annealers currently boast over 5,000 qubits [15] and are
specifically designed for combinatorial optimization, excelling at quadratic unconstrained binary optimization
(QUBO) problems [16]. For annealers to tackle optimization problems with non-binary variables (integer or
continuous), these must be binary encoded [17], creating a critical trade-off where solution accuracy is balanced
against the required qubit count. This discretization strategy has been successfully applied to complex energy
system optimization, demonstrated in applications like heat exchanger network synthesis, reformulation of
unit commitment problems [ 18], and the tactical capacity problem for distributed electricity generation [19].

The application of quantum computation to MOO, which seeks the optimal set of non-dominated solu-
tions known as the Pareto front, is explored across multiple quantum architectures due to the computational
complexity of the task.Recent research on variational quantum algorithms (VQAs) has introduced techniques
such as the variational quantum multi-objective optimization algorithm, which integrates all objective func-
tion Hamiltonians directly into the quantum circuit. This enables the generation of a quantum state that
encodes Pareto-optimal solutions in superposition, subsequently using the hypervolume indicator to measure
the quality of the resulting solution set [20]. Low-depth quantum approximate optimization algorithm
(QAOA) has also been used to approximate optimal Pareto front in certain multi-objective weighted maximum
cut problem [21]. In contrast, specialized quantum annealers have been used to formulate MOO problems,
with comparative studies showing that quantum annealing (QA) can outperform classical and VQA methods
on certain problems, often leading to an improved Pareto front [22]. Furthermore, quantum-enhanced evolu-
tionary algorithms represent a critical hybrid approach, leveraging quantum principles to improve classical
heuristics: this includes foundational work on the quantum-assisted genetic algorithm, which uses reverse QA
asanovel source of mutation to find global optima where forward QA struggles [23], and advanced methods
that frame selection as a binary quadratic minimization problem solved by a quantum annealer, demonstrating
performance gains over classical selection operators [24]. Complementary Multi-Objective Quantum-inspired
Seagull Optimization algorithm (MOQSOA), which integrate quantum particle behaviors like superposition
and entanglement into classical swarm techniques, have also shown promising results in accelerating conv-
ergence and enhancing solution diversity in particular multi-objective environments, as seen in the MOQSOA
[25]. While current quantum-assisted methods show promise through enhanced operators or specialized
quantum-inspired mechanisms, a dedicated and comprehensive quantum-annealing solutions’ integration
into classical GA structure to get better performance remains unexplored. The aim of this paper is to bridge this
gap by introducing the quantum-assisted non-dominated sorting genetic algorithm (QANSGA) and providing
a performance comparison against existing GAs for MOO problems.

The QANSGA is a sophisticated hybrid metaheuristic algorithm designed to overcome the challenges of
classical GAs for MOO problems. It seamlessly integrates the high-performance NDS and crowding mechan-
isms of non-dominated sorting genetic algorithm (NSGA-II) with a tailored, periodic quantum mutation exe-
cuted on commercial quantum annealer. QANSGA uses the classical NSGA-II with QA. To understand the
mechanism of QANSGA, some fundamental understanding of QA is necessary, which will be discussed in next
subsections.

1.4. Research objectives

This paper introduces QANSGA, a cutting-edge novel hybrid quantum—classical optimization algorithm
designed to address complex multi-objective problems more efficiently. The core mechanism of QANSGA is its
strategic integration of the advantage of QA, specifically its ability to quickly explore vast energy landscapes and
find low-energy minima to boost the performance and exploration capabilities of the widely adopted classical
method, the NSGA-II. This hybridization aims to accelerate the discovery and refinement of the Pareto front
approximation. To rigorously assess its efficacy, the paper contributes to the existing pool of knowledge by
performing a comprehensive performance evaluation- directly comparing QANSGA against its classical
counterpart: NSGA-II. This comparative study is conducted across a suite of six diverse and challenging
benchmark MOO problems, ensuring a robust validation of QANSGA’s superiority in key metrics such as
convergence and the diversity of the solutions found. The structure of this paper systematically presents the
research, beginning with the definition of the benchmark multi-objective problems and followed by a detailed

4
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explanation of the QANSGA’s architecture and operation. Subsequent sections include the empirical
performance comparison of QANSGA and classical GAs, a critical discussion of the results, and finally, a
conclusion and future outlook on the role of QA in advancing MOO.

2. Methodology

As discussed in section 1, the performance of the MOO problems must be evaluated for two key criteria:
convergence to the optimal Pareto front and the diversity within the population. Another important factor for
evaluating MOO methods is the computational effort, but this has less priority in this study. Zitzler et al [26]
have shown different features that can cause difficulties for evolutionary algorithms in solving multi-objective
problems. For example, the convergence of multi-objective evolutionary optimization algorithms can be
hindered by factors such as multimodality, deception, and isolated optima. A lack of diversity can further limit
the ability to achieve a well-distributed non-dominated Pareto front. Some of the causes can be: convexity or
non-convexity, discontinuity and non-uniformity [27]. To address these difficulties we have chosen six
different multi-objective problems for benchmarking the optimization results. Four Zitzler Deb Thiele (ZDT)
problems, OSY, and TNK functions are utilized as standard benchmark problems in this paper because they
represent a diverse taxonomy of mathematical challenges that stress-test an optimization algorithm’s ability to
navigate complex Pareto landscapes. The ZDT functions focuses on structural difficulties such as non-
convexity, high-dimensionality, and discontinuity, which specifically test an algorithm’s global search
efficiency and its ability to avoid being trapped in local optima [27]. In contrast, Osyczka (OSY) and Tanaka
(TNK) problems introduce rigorous constraint-handling requirements, featuring oddly shaped feasible regions
and disconnected optimal fronts that lie along constraint boundaries [28, 29]. Together, these problems
provide a comprehensive framework to evaluate the two primary goals of multi-objective optimization:
convergence and diversity, ensuring that a novel algorithm like QANSGA is robust enough for real-world
engineering applications.

For reasons of better visualization and interpretation, we have restrict ourselves to only two objectives in
the investigation of all the problems.

2.1. Benchmark multi-objective problems

Below, we briefly introduce the six widely used benchmark problems considered in this work; for more details
we refer the reader to the original papers. All problems have two objective functions, but differ in features such
as the number of design variables and constraints, the shape (convex, concave, mixed, discontinuous) or the
multimodality (local, global) of the Pareto front, which are generally difficult for the algorithms to handle.

2.1.1. ZDT problems

The first four benchmark problems are based on Zitzler Deb Thiele’s (ZDT) test suite introduced in [27]. The
four unconstrained ZDT problems are constructed in a similar manner in which the second objective function
consists itself of the first objective function f; and two subfunctions g, 4, given in the following formulation:

mxin (i), f,(x)) 4)
with
L(x) = g®h(f;(x), gx) (5)

where x € R and m is the number of decision variables. The function f; only consists of the first decision
variable x,, the function g depends on the m — 1 remaining variables and the function 4 is a composition of f;
and g. Here, h defines the Pareto front shape, while g defines the distance (or convergence). As a result, the
function f, is a product of gand h. Basically, the ZDT problems differ in these three functions g, 4, f, in the
function domain and in the number of variables #1. The latter can be used to increase the problem complexity
by varying the dimensionality of the design space, which is also shown later in results section to compare
performance for higher dimension problems.

The first ZTD problem, called ZDT-1, is the most simple one (of the ZDT problem suite) and has a convex
Pareto front. The ZDT-1 problem is given by

92?1:2-761’

fO=x gx=1+ 1’ h(fi(x), g(x) =1 — ALY

6
g(x) ©

with m = 30 and x; € [0, 1]. The true Pareto front is formed for xl* € [0, 1]and xi* =0,i=2,3,...,mwhich
corresponds to g(x) = 1.
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The second problem ZDT-2 has a concave Pareto front, which can be seen as a counterpart to ZDT-1. The
non-convex Pareto front shape can cause evolutionary algorithms to converge prematurely or have difficulty
maintaining a diverse solution set across the entire front. The ZDT-2 problem is formulated as

o> x; 2
fi(x):xl) g(x)= 1 —I—M, h(fl(x)’g(x)): 1 _(ﬁ(X))
! g(x)

™)
with m = 30 and x; € [0, 1]. The true Pareto front is formed again x;* € [0, 1]and x* = 0, i = 2, 3,...,m,i.e.
gx)=1.

The problem ZDT-3 is characterized by a discontinuous convex Pareto front, meaning that the true Pareto
front consists of many disconnected convex parts. In general, algorithms often have difficulty to move between
these disconnected regions, leading to incomplete or biased results. The ZDT-3 problem reads

91 Lx; )
&) =x, gx) =1+ Prizyti h(fix), g(x) =1 — /@ - (@)Sln(loﬂfl(){)) (¥
m—1 g(x) gx)

with m =30 and x; € [0, 1]. The true Pareto front is formed with g(x) = 1. The discontinuity in the true Pareto
frontis introduced by the periodic behavior of the sine function in .

The fourth and last ZDT problem considered in this paper is ZDT-4. This problem is highly multimodal,
including 21™ " local Pareto fronts in addition to the global Pareto-optimal front. The multimodality makes it
difficult for the algorithms to converge to the true convex Pareto front, so they can easily get trapped in a local
Pareto front. The ZDT-4 problem is shown as:

—_—

L& =x, gx) =10m — 9+ (x/ — 10cos(4mx,)), h(f(x),gx)=1— \/% ®)
i=2

withm=10,x; € [0, 1]andx; € [ — 5,5],i=2, ..., m. The true Pareto front is formed again with g(x) = 1.

2.1.2. OSY problem

The fifth problem considered for the benchmark is the Osyczka (OSY) problem according to [28], in which the
MOO problem is characterized by two objectives, six design variables and six constraints. Basically, the
difficulty of the problem is to find the entire spread of the true Pareto front along the varying active constraints.
The OSY problem is presented as:

mxin (), £,(x)) (10)
subjectto G(x):=x+x—22>0, (11)
Gx)=6—x—x%2=>0, (12)
G =2—-—x%+x20, (13)
Cix):==2—x+3%=>0, (14)
Cs(x) =4 — (x3 — 3)* — x4 = 0, (15)
Cs(x):=(x5s — 32> +xs—4>0 (16)
with
[0 = =250 — 2)* + (6 — 2)* + (x5 — D> + (x4 — 4)* + (x5 — 1)?] (17)
£, = x4+ x5 + x5 + x5 + x5 + x¢ (18)

where, x;, x5, X € [0, 10], x3, x5 € [1, 5], and x4 € [0, 6]. The true Pareto front are five connected sections in
which several constraints are active. The entire optimal Pareto-region holds for x;° = x = 0. Table 1 shows
the values of other variables in optimal Pareto-regions.

2.1.3. TNK problem

The sixth and last benchmark problem is based on Tanaka (TNK) proposed in [29]. The TNK problem has two
objectives, two design variables and two constraints and results in a nonconvex, discontinuous Pareto front,
with the difficulty of finding the diverse solutions on the Pareto front coincide on nonlinear constraints. The
TNK problem is defined as:

min (0, f,(0) (19)

subjectto  C(x) := x12 + x22 —1-0.1 cos(16 arctan (ﬁ)) >0, (20)
X

6
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Table 1. Optimal values of the variables x;, x,, X3 and x5 in the optimal Pareto
region of the OSY problem [28].

Optimal
Values
X" xS x5 x Active
constraints
5 1 (1,...,5) 5 2,4,6
5 1 1,...,5) 1 2,4,6
(4.056, (x* —2)/3 1 1 2,4,6
5)
0 2 1,...,3.732) 1 2,4,6
(0,...,1) 2 — x* 1 1 2,4,6
Cry(x) == (x — 0.5)2 + (0 — 0.5)2 < 0.5 (21)
with
L =x, f,x)=x (22)

where, x1, x, € [0, 7]. Naturally, C; is periodic and C, must also be fulfilled, not all solutions on the boundary of
the first constraint are Pareto-optimal, so that this interaction results in a disconnected Pareto front. As a result,
asignificant challenge for any optimization algorithm is maintaining adequate diversity, that is, achieving a
uniform and comprehensive spread of solutions across all segments of the non-dominated set.

2.2.Benchmark classical genetic algorithms

In this subsection, we briefly introduce the popular NSGA-II, which is used as a comparative method in this
study. NSGA-I1 is a well-known and widely used evolutionary multi-objective optimization (EMOO)
algorithm, recognized for its computational efficiency and elitist strategy [2]. It improves the original NSGA by
incorporating three key features designed to enhance both convergence and diversity:

e Fast NDS: This process efficiently categorizes the population into different Pareto fronts (ranks) by assessing
the dominance relationship between solutions in O(MN?) time, where M represents the number of
objectives and N denotes the population size. This mechanism ensures that superior solutions are
preferentially retained.

o Elitism: The algorithm merges the current population with the offspring population to form a combined
pool, ensuring that all previously identified non-dominated solutions are retained and given the opportunity
to compete in subsequent generations.

e Crowding distance metric: To preserve solution diversity and avoid premature convergence, NSGA-II
employs the crowding distance operator. The crowding distance of a solution is defined as the perimeter of
the cuboid formed by its nearest neighbors on the same Pareto front. Solutions with larger crowding
distances are located in less crowded areas and are therefore prioritized during selection to ensure
maximization of diversity and spread within the non-dominated set. This operator acts as a density
estimator, enabling the algorithm to maintain a diverse set of trade-off solutions without the need for
external parameters.

Although the NSGA-II is considered a highly efficient EMOO algorithm, it exhibits significant limitations of
classical evolutionary algorithms, especially when scaling to large, complex optimization landscapes. Its main
drawbacks include:

e Computational bottleneck for a large number of function evaluations (NFE): Although sorting is
computationally efficient, the total NFE required to achieve satisfactory convergence can be prohibitively
large, especially if the objective functions involve computationally expensive simulations.

o Difficulty with many-objective problems: The effectiveness of the crowding distance metric degrades
significantly as the number of objectives M increases, leading to ineffective approximations of the Pareto
frontand aloss of diversity in higher dimensions (the curse of dimensionality) and therefore requiring high
computational costs for accurate solutions.
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e Lackoflocal search ability: NSGA-II primarily relies on genetic operators (crossover and mutation) which
are effective for global exploration, i.e. moving towards promising regions within the entire search space and
thus maintaining diversity, but struggle with local exploiting in finding precise optimal solutions, often
leading to slow fine-tuning near the true Pareto front boundary.

The inherent limitations of the classical algorithms, in particular the high computational cost arising from
larger number of function evaluations requiring large number of generations and the difficulties in achieving
strong local search performance across complex, multimodal landscapes, form the basis for introducing the
novel QANSGA. This hybrid algorithm is designed to utilize QAs rapid exploration capabilities to accelerate
key components of the evolutionary process, thereby mitigating these classical deficiencies.

2.3.Implementation of QANSGA considering the fundamentals of quantum computing

Quantum computing leverages the fundamental, non-classical principles of quantum mechanics, particularly
superposition and entanglement, to perform computations on an exponentially greater scale than classical
models [30]. The fundamental unit of information is the qubit. Unlike a classical bit, a qubit can exist in a linear
combination of its basis states (|0) and | 1)), known as superposition. This state is represented using Dirac
notation as follows:

) = al0) + BI1)  with ol + |8P =1 (23)

where, aand [ are complex probability amplitudes. The normalization condition ensures that the total
probability of all possible measurements sum to unity. This ability to explore multiple states simultaneously
allows a system of N qubits to encode and explore 2" states concurrently, forming the foundation for quantum
speedup in search algorithms.

2.3.1. Quantum annealing

QA is an quantum computing optimization method designed to find the global minimum of a target objective
function [31], primarily for discrete optimization problems. All problems submitted to a QA device must be
formulated as a minimization problem on the Ising model Hamiltonian, which describes the energy of a system
of spinss; € { — 1,+ 1}, wherei=1, ..., n, which is shown as

Higing(s) = > Lisi + > Jyjsis (24)

i<j

where the coefficients ; (local biases) and J;; (coupling strengths) are the programmable parameters that encode
the optimization problem. The forward QA process which is used in this paper is implemented by a time-
dependent Hamiltonian

H(t) = A(t) Hinitia + B(t)Hproblem (25)

The initial Hamiltonian H;,;,,) Serves as a starting point and drives the system from an initial, easily prepared
ground state, uniform superposition, to the problem Hamiltonian H,gp1em, Which encodes the target Ising
function. The schedules A(f) and B(t) are designed so that the system starts at Hy,; i, and follows Hproblems
therefore A(f) decreases as the annealing schedule progresses while B(#) increases. The adiabatic theorem
ensures that if this transformation occurs slowly enough, the system remains in the instantaneous ground state
of H(?), eventually reaching the minimum energy state of Hp,,piem, Which represents the optimal solution [31].

2.3.2. QUBO formulation, binary encoding and quadratic surrogate

To close the gap between continuous MOO problems and the QA hardware, the conversion of original
continuous problem into unconstrained binary problem is necessary. The Ising model is equivalent to the
QUBO problem, the native input format for D-Wave solvers. The QUBO formulation [32] minimizes a
quadratic function of binary variables x; € {0, 1} withi=1, ..., n

min Squpo(x) = xTQx = Z Qiixi + Y Qjxix; (26)

i<j

where the QUBO matrix Q is derived directly from the linear (diagonal entries) and quadratic (off-diagonal
entries) coefficients, representing the relationships between these variables, of the scalarized objective function.
Each continuous variable v, for k=1, ..., Nin original problem is represented by a sequence of B binary
variables, {xy 0, Xk 1> ..., Xx.p_1}- N represents total number of continous variables. The index j represents the bit
position, where j = 0 is the Least Significant Bit (LSB) and j = B — 1 is the Most Significant Bit (MSB). The
transformation from the resulting binary solution to the real-valued design variable v is performed via the

Vk,max — Vk,min

weights matrix W = ( T

) and the lower-upper bounds vy min and Vi max:

8
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Vi — Vk.mi B-1 .
Vk = Vmin + (—’m"“; ’“““)Z Xg,2 (27)
B—1 )=

This discretization allows the continuous search space to be accurately represented on the digital quantum
architecture.

In the QANSGA approach for the benchmark problems, the computationally expensive non-linear objec-
tive functions may be approximated by a quadratic surrogate model f (v) fitted to a preliminary set of sampled
data points. The form of this surrogate model [33] reads as

f(v) ~c+blv+ %VTHV (28)

with the scalar constant ¢, the vector b, and the Hessian matrix H, which for reasons of robustness is ensured to
be positive semi-definite, is mathematically tractable for conversion into the QUBO matrix.

2.3.3. Embedding on quantum hardware

In QA, the optimization problem is encoded as a logical graph structurally defined by the QUBO matrix Q,
where the nodes are logical qubits (binary variables) and the edges are couplings (interaction between
variables). In contrast, however, the physical D-Wave QA system has a fixed, sparse topology, e.g., the Chimera
or Pegasus graph [ 15]. Embedding is the process of mapping the dense, problem-specific logical graph onto the
sparse, fixed physical graph.

e The core embedding process (minor embedding): A logical qubit x; is represented by one or more physical
qubits g; on the chip.

1. Physical topology constraint: The logical graph often requires connections (couplings Q;;) that are not
available between any two given physical qubits on the chip [15]. For example, the D-Wave Pegasus
graph has a fixed structure, and if the QUBO requires a coupling between logical qubit 1 and logical qubit
10, but the corresponding physical qubits are far apart, they cannot be directly connected.

2. The chain mechanism: To overcome the sparsity constraint, a single logical qubit x; is represented by a set
of physically connected qubits (a chain or clique). These physical qubits are strongly coupled together
ferromagnetically, meaning that they preferably have the same state, eitherallO orall 1 [15].

— Logical qubit: Represents a single variable x; in the QUBO.
— Physical chain: A set of physical qubits gy, g5, ..., g; that represent x;.

— Logical coupling: Iflogical qubit x; needs to be coupled to x;, the physical couplers between any two qubits in
the x; chain and the x; chain are applied, provided that these physical connections exist.

3. Chain strength: The integrity of the chain is maintained by setting a very high chain strength (a negative
ferromagnetic coupling J) between all adjacent qubits in the chain. This high bias forces the physical
qubits in the chain to minimize their local energy by remaining in the same state throughout the
annealing process. If the chain breaks (i.e., the qubits in the chain report different values, e.g., {0, 1,0}),
the resulting solution is invalid and the system is penalized by the high energy cost associated with the
break [15].

e Fixed embedding: A fixed embedding approach pre-calculates the minor embedding once and reuses this
specific mapping for all subsequent problem submissions, regardless of minor changes to the QUBO
coefficients. This eliminates the computational overhead of running the embedding algorithm in each
iteration of quantum calls. However, the embedding is optimized for a general QUBO structure, not for the
specific coefficients of the current iteration [ 15].

e Dynamic embedding: A dynamic embedding approach calculates a new minor embedding each time a
problem is submitted to the quantum machine. More precisely, the embedding algorithm is executed for
each new QUBO submission to find the optimal mapping to the current physical topology. If faulty qubits
are detected, the new embedding can bypass them, maximizing the use of the available processor. However,
this significantly increases the overall solution time, which is impractical for iterative optimization in real-
time or under strict time constraints [15].
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2.3.4. QANSGA - quantum assisted non-dominated sorting genetic algorithm

The proposed novel QANSGA is described in algorithm 1. The algorithm begins with an offline surrogate
modeling phase (lines 2—11). In this phase, a set of design samples is generated uniformly from the search space.
In the case of objectives that are expensive to evaluate or highly nonlinear, a quadratic surrogate model is fitted
based on the sampled data points. This surrogate model then provides a fast approximation of the objective
function and reduces the need for repeated evaluations during the evolutionary process. Objectives that are
nearly linear or inexpensive are evaluated directly without constructing a surrogate model.

Once the surrogate models are available, QANSGA proceeds with population initialization and generates
aninitial population of design vectors distributed across the feasible domain. The true objectives are evaluated
for all individuals to obtain an initial approximation of the Pareto front (lines 13-14).

The main evolutionary loop (lines 15-33) iterates for a predefined number of generations, combining stan-
dard NSGA-II operations with quantum-assisted injection. Classical evolutionary operators, including cross-
over and polynomial mutation, generate offspring that are evaluated using the true objective functions. The
parent and offspring populations are combined, and NDS is applied to identify Pareto fronts. To maintain
diversity within each front, a crowding-distance metric is used, and the best individuals are selected to form the
next generation.

At predefined intervals (lines 22—32), the algorithm performs quantum-assisted injection, which is referred
to as quantum mutation (QM). It depends on the injection rate Iz, which determines after how many genera-
tions the QM has to be performed. In this phase, the multiple objectives are combined into a single scalar
surrogate using a weighting scheme. The weighting scheme depends on the current generation #. Continuous
design variables are encoded as binary variables to match the input requirements of QA hardware. The scalar
surrogate is then converted into a QUBO problem, which is submitted to the quantum annealer. The annealer
returns a set of low-energy binary solutions, for example 100 in the case of ZDT-1 problem, which are decoded
back into continuous design vectors and evaluated using the true objectives. The best quantum-generated K
solutions are then used to replace the worst-performing K individuals in the population, enabling the algo-
rithm to explore promising regions of the search space that may be difficult to reach with classical operators
alone.

Algorithm 1. QANSGA: quantum-assisted non-dominated sorting genetic algorithm

1: Offline Surrogate Construction:

2: Generate design samples D = {v(h)}hN:"T‘".
3: for each objectivef,,i=1,...,M do

4:  if f; computationally expensive then

5 Fit quadratic surrogate

fi(v) =c¢+b/v+ %VTH,'V.

6 Project Hessian: H; < projg (Hj).
7: else

8: i1

9: endif

10 end for

11: Initialization:

2: Initialize population Py = {v}.

3: Evaluate objective vectors F(v) = (fi(V), ..., fu(V)).
14: Main Evolution Loop: 15: for 1= 1 to N, do

—_ -

16:  Generate offspring Q,, via crossover + polynomial mutation.
17:  Evaluate F(v) forallve Q,,.

18: R, =P,UQ,from parentsand offspring solutions.

19:  Extract Pareto fronts by NDS.

20: Form P, using crowding-distance truncation.

21: if n mod Iy = 0 then —Quantum — Mutation:

22: Sample scalarization weights cv,, € AM™!

23: Build scalar surrogate

M A
EW) =D anf, ().

i=1

24: Encode each design variable by

B-1 )
Zxk,jZJ, Xk, € {0, 1}.

Vk,max — Vk,min)
j=0

Yk = Vikmin +
k k, ( 2B _ 1

25: Substitute encodinginto g (v) to obtain QUBO: Squpo(x) = x'Qx.

10
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(Continued.)
26: Submit Q to annealer A:

{x®,...x®} = AQ.

27: Decode solutions v = &(x®).
28: Evaluate F(v(k ).
29: Compute scalar scores to rank candidates:

g§W) = a,F(v)
30: Replace the K worst solutions in P,,, ; with the K best quantum solutions.
31: endif
32: end for

33: return Non-dominated set Py.

Specifically for constrained multi-objective problems such as OSY and TNK, feasibility is carefully main-
tained during the quantum-assisted mutation phase. Since the QUBO formulation is inherently uncon-
strained, constraint handling is incorporated through a penalty-based approach, where violations are added to
the scalarized objective with appropriate weights to discourage infeasible solutions. However, due to the sto-
chastic nature of quantum annealing, infeasible solutions may still be generated. Therefore, all decoded candi-
dates are explicitly checked for feasibility after sampling. Feasible solutions are prioritized and ranked based on
the scalarized objective, while infeasible ones are either penalized according to their violation magnitude or
discarded if sufficient feasible solutions exist. During population update, only the best feasible quantum solu-
tions are injected, replacing the worst-performing individuals, thereby ensuring that feasibility is preserved
while still benefiting from quantum-assisted exploration.

3. Results and discussion

3.1. Pareto front and metrics comparison for different number of generations

Figure 2 shows the visual comparison of classical NSGA-II and QANSGA for ZDT-1 problem after different
number of generations Nge,,. Some of the algorithms parameters are kept constant here. The number of
variables Ny, is 10. Population size for both the algorithms is kept constant at 48. The quantum-injection rate
Iris 5, which means quantum-mutation (refer to 1) is performed every 5th generation. The number of classical
solutions that are replaced with quantum solutions in quantum-mutation step, is kept constant to 5. The
embedding on D-Wave Pegasus Graph is kept fixed in the beginning of the optimization.

Visual evolution of the solutions for both the algorithms is shown compared to the true Pareto front. As
seen in figure 2, after 20 generations itself QANSGA starts to dominate NSGA-I1. The QANSGA solutions
progress faster towards true Pareto front compared to NSGA-II. After 20 generations, we can see the lack of
spread and diversity in both set of solutions. The diversity and convergence of both set of solutions get better
with increase in the number of generations. After 50 generations, QANSGA almost reaches true Pareto front,
whereas NSGA-II still remains a little far from the true Pareto fronts. After 100 generations both set of solutions
almost align and overlaps with true Pareto front after 150 generations. These four sub-figures show faster conv-
ergence-numbers of generations required to reach optimal Pareto front of QANSGA towards true Pareto front
compared to classical NSGA-II.

Table 2 shows comparison metrics for both the algorithms considering performance and efficiency criteria.
GD and IGD values are expected to be lower for better algorithm, and HV value is expected to be higher for
better algorithm. GD value is 64.21% lower for QANSGA compared to NSGA-II, which shows large improve-
ment in the results after 50 generations. IGD value is 68.11% lower for QANSGA, which again shows better
convergence and diversity of solutions in hybrid algorithm. HV value for QANSGA is 8.61% higher than
NSGA-II In all 3 metrics of convergence and diversity of solutions QANSGA dominates. Computational time
for both the algorithms is also compared. Classical NSGA-II shows 77% faster performance than QANSGA.
QANSGA uses classical NSGA-II for 40 out of 50 generations here. Only for 10 generations quantum-annealing
hasbeen used due to current injection rate. Each quantum run takes around 200 ms to produce solutions. For
less complicated problems such as ZDT-1, classical NSGA-II shows faster convergence in terms of computa-
tional time. In 3 out of 4 comparison metric QANSGA shows better performance except computational time.
Usually the run-time of QANSGA is influenced by both classical evolutionary operations and quantum anneal-
ing overhead. The dominant additional cost arises from QUBO construction, embedding, and quantum sam-
pling. In particular, embedding time can be significant when using dynamic embedding, as the mapping from
logical QUBO variables to the physical quantum hardware must be recomputed for each submission. This
overhead is mitigated through fixed embedding in this paper, where a single embedding with equal weights for

11
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Figure 2. Pareto front comparison of classical NSGA-IT and QANSGA with fixed embedding for ZDT-1 problem with 10 variables;
injection rate = every 5 generations; 20 total generations (top-left), 50 total generations (top-right); 100 total generations (bottom-
left); 150 total generations (bottom-right).

Table 2. GD, IGD,HV and computational time comparison of NSGA-II
and QANSGA after 50 generations for ZDT-1 problem. Computational
time of QANSGA includes classical NSGA-II part + QPU access time

excluding embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-II 0.064 0.065 0.76 0.52
QANSGA 0.023 0.02 0.83 2.29

all the objectives is reused across generations, significantly reducing latency at the expense of some flexibility. In
this study the embedding time is not taken into account. The overall run-time of QANSGA is composed of
classical evaluation time and QPU access time, with the latter depending on the number of quantum calls. QPU
access time includes total of anneal, readout, sampling, QPU core usage and post-processing time excluding
embedding.

Figure 3 shows the visual comparison of classical NSGA-II and QANSGA for ZDT-2 problem after different
number of generations Nge,,. ZDT-2 has a non-convex true Pareto front. Algorithm parameters and D-Wave
minor embedding is kept same as ZDT-1. Visual evolution of ZDT-2 in figure 3 with increasing number of
generations is very different compared to ZDT-1 in figure 6. Due to its non-convex nature, it makes difficult for
classical algorithms to converge towards true Pareto front faster, which is evident in figure 7 after 10 and 20
generations. After 50 generations QANSGA already reaches true Pareto front, though the solution lacks in
diversity yet - a gap can be seen in QANSGA solutions (blue dots). After 100 generations QANSGA fits well on
true Pareto front, while classical NSGA-I1 is still away from the optimal solutions.

Table 3 shows comparison metrics for both the algorithms for ZDT-2 problem. GD value is 73.16% lower
for QANSGA compared to NSGA-II, which shows large improvement in the results after 100 generations. IGD
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Figure 3. Pareto front comparison of classical NSGA-II and QANSGA with fixed embedding for ZDT-2 problem with 10 design
variables; injection rate = every 5 generations; 10 total generations (top-left), 20 total generations (top-right), 50 total generations
(bottom-left), 100 total generations (bottom-right).

Table 3. GD, IGD,HV and computational time comparison of NSGA-Il and
QANSGA after 100 generations for ZDT-2 problem. Computational time of
QANSGA includes classical NSGA-II part + QPU access time excluding

embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-II 0.035 0.034 0.48 1.232
QANSGA 0.0093 0.004 0.53 2.782

value is 87.53% lower for QANSGA, which again shows better convergence and diversity of solutions in hybrid
algorithm. HV value for QANSGA is 10.16% higher than NSGA-II. In all 3 metrics of convergence and diversity
of solutions, QANSGA dominates. The computational time for both algorithms is also compared. Classical
NSGA-II shows 55% faster performance than QANSGA, which uses classical NSGA-II for 80 out of 100 genera-
tions here. For 20 generations quantum-annealing has been used due to the current injection rate. Same as

ZDT-1, 3 out of the 4 comparison metric QANSGA shows better performance except computational time con-
sidering the ZDT-2 problem.
ZDT-3 problem shows disconnected Pareto fronts due to its periodic nature. The evolution of the solutions
for both algorithms is shown in figure 4. The parameters have been kept same as ZDT-1. From first quantum
solutions injection after 10 generation we can see the difference between QANSGA and NSGA-II solutions.
QANSGA solutions starts converging towards true Pareto front quickly. After 50 generations, QANSGA solu-
tions reach true Pareto front whereas NSGA-II solutions are still not completely lying on the true front. Table 4
shows comparison metrics for both algorithms for the ZDT-3 problem. GD value is 20.23% lower for QANSGA
compared to NSGA-IL IGD value is 56.63% lower for QANSGA, which again shows better convergence and

13
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Figure 4. Pareto front comparison of classical NSGA-II and QANSGA with fixed embedding for ZDT-3 problem with 10 design
variables; injection rate = every 5 generations; 10 total generations (top-left), 20 total generations (top-right), 50 total generations
(bottom-left), 100 total generations (bottom-right).

Table 4. GD, IGD,HV and computational time comparison of NSGA-II
and QANSGA after 50 generations for ZDT-3 problem. Computational
time of QANSGA includes classical NSGA-II part + QPU access time

excluding embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-II 0.087 0.020 0.93 0.51
QANSGA 0.069 0.008 0.96 2.13

diversity of solutions in hybrid algorithm. HV value for QANSGA is 4.29% higher than NSGA-II. Classical

NSGA-II shows 76% faster performance than QANSGA.

ZDT-4 problem has a convex Pareto-optimal set. There exist many local Pareto-optimal solutions in this
problem. Therefore, algorithms can easily get stuck in a local optimum. Figure 5 shows the visual evolution of
QANSGA and NSGA-II solutions. We can see that it takes higher number of generations for both the algo-
rithms to converge to true Pareto front compared to previous ZDT problems. QANSGA gets stuck in local
optima after 500 generations as seen in figure 5. It needs more generations to get out of the local optima and
converge towards the true Pareto front. This happens due to quadratic surrogate used in QANSGA. As D-Wave
quantum computer can only solve QUBO, we have converted the actual problem into quadratic approx-
imation as shown in algorithm 1. Which misses complex functionalities of original ZDT-4 and requires more

number of classical NSGA-II generations to converge.

Table 5 shows the metrics comparison for both algorithms. Here, it is evident that classical NSGA-II per-
forms better than QANSGA in all the metrics.
Figure 6 shows the visual evolution of NSGA-II and QANSGA solutions after certain number of genera-
tions for the OSY problem. As explained in section 2.1.2, OSY problem consists of 6 variables and 6 constraints.
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Figure 5. Pareto front comparison of classical NSGA-II and QANSGA with fixed embedding for ZDT-4 problem with 10 design
variables; injection rate = every 5 generations; 100 total generations (top-left), 200 total generations (top-right), 500 total

generations (bottom-left), 1000 total generations (bottom-right).

Table 5. GD, IGD,HV and computational time comparison of NSGA-II
and QANSGA after 500 generations for ZDT-4 problem. Computational
time of QANSGA includes classical NSGA-1II part + QPU access time

excluding embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-IT 0.13 0.126 0.67

QANSGA 0.26 0.269 0.49 11.75

OSY problem needs only 6 design variables for classical NSGA-II and QANSGA. All the other algorithmic
parameters have been kept same as ZDT functions. During all the evolution process, QANSGA solutions dom-
inate NSGA-II ones as shown in figure 6. After 200 generations, QANSGA solutions reach true Pareto front,
while classical NSGA-II solutions (green dots) could not completely overlap true Pareto front. Table 6 shows
the metrics comparison for NSGA-IT and QANSGA for the OSY problem. QANSGA shows better performance
in GD, IGD and HV. Same as for all ZDT functions, NSGA-II shows better performance in computational time.
Figure 7 shows the visual evolution of NSGA-II and QANSGA solutions after certain number of genera-
tions for TNK problem. As explained in section 2.1.3, TNK problem consists of 2 variables and 2 constraints.
The Pareto-optimal set of TNK is disconnected. Since the Pareto-optimal solutions lie on a nonlinear con-
straint surface, an optimization algorithm may have difficulty in finding a good spread of solutions across all of
the discontinuous Pareto-optimal sets. The TNK problem needs only 2 design variables for classical NSGA-II
and QANSGA. All the other algorithmic parameters have been kept the same as ZDT functions except the
quantum injection rate, which is kept as 2. During all the evolution process QANSGA solutions dominate
NSGA-II ones as shown in figure 7. Table 7 shows the metrics comparison for NSGA-IT and QANSGA for the
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Table 6. GD, IGD,HV and computational time comparison of NSGA-II and

QANSGA after 200 generations for OSY problem. Computational time of
QANSGA includes classical NSGA-II part + QPU access time excluding
embedding.
Computational
Algorithm GD IGD HV time (s)
NSGA-II 10.36 6.97 10966.75 1.66
QANSGA 4.91 5.71 11505.68 3.55

TNK problem. QANSGA shows better performance in GD, IGD and HV. Same as all ZDT functions and OSY

only the number of generations were changed.

function, NSGA-II shows better performance in computational time for TNK problem as well.

The next section discusses about the influence of the number of variables on the computational time of

NSGA-II and QANSGA. So far the number of variables were kept constant for each individual problem and

variables and different number of generations for ZDT-1 problem.

3.2. Effect of increasing number of variables on computational time and quality of the Pareto front

Figure 8 shows the computational time comparison between NSGA-II and QANSGA for different number of

The overall pattern of all the graphs from figure 8 shows that the NSGA-II computational time increases

faster than QANSGA with the increase performs faster compared to QANSGA for most number of variables.

But the time difference between both the algorithms decreases with the increase in the number of variables. For
80 number of variables, after 100 generations QANSGA computational time is lesser than NSGA-II. For 200
generations this happens after 30 variables. QANSGA shows faster performance just after 30 variables when the
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Figure 7. Pareto front comparison of classical NSGA-II and QANSGA with fixed embedding for TNK problem with 2 design

variables; injection rate = every 2 generations; 10 total generations (top-left), 20 total generations (top-right), 50 total generations
(bottom-left), 100 total generations (bottom-right).

Table 7. GD, IGD,HV and computational time comparison of NSGA-II and
QANSGA after 50 generations for TNK problem. Computational time of
QANSGA includes classical NSGA-II part + QPU access time excluding

embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-II 0.027 0.0049 0.49 1.66
QANSGA 0.014 0.0047 0.51 3.58

number of generations is increased to 200. And for further increase in number of variables the gap between
both computational times increases, because QANSGA scales linearly where as NSGA-II scales with higher
degree of polynomial. For generation 500, 1000 and 2000 QANSGA performs better for almost all number of
variables, which shows that as the problem size increases, NSGA-II struggles to scale linearly. After 500, 1000
and 2000 generations for 80 variables ZDT-1 problem QANSGA shows 29%, 44% and 63% faster convergence
time respectively compared to NSGA-II. QPU on D-Wave has physical limits of qubits embedding, that is why
the highest number of variables have been restricted to 80.

Figure 9 shows the Pareto front comparison for NSGA-II and QANSGA solutions after 1000 (Left) and
5000 (Right) generations for ZDT-4 problem. Here, this problem consists of 30 variables, which is compara-
tively larger problem. Figure 5 showed the comparison for ZDT-4 generations for only 10 variables and up to
1000 generations. From figure 5 we could see that NSGA-II performed better in all the metrics compared to
QANSGA. But when we increased the number of variables to 30, QANSGA started dominating for larger num-
ber of generations. We can see in figure 9 that even-though after 1000 generation NSGA-II is closer to true
Pareto front, QANSGA shows better diversity and spread visually. As we increase the number of generations to

17



I0P Publishing

Phys. Scr.

101 (2026) 225103 RKansaraetal

Time Comparison for ZDT1 Problem after 100 generations Time Comparison for ZDT1 Problem after 200 generations

Time (seconds)
SRS

°
®

—e— QANSGA Time N
— NSGA-I Time A

p 4,50 | —o— QANSGATime
— NSGAlI Time s

Time (seconds)
w
g

60 70 80 10 20 30

40 0 40 0
Number of variables Number of variables

Time Comparison for ZDT1 Problem after 500 generations Time Comparison for ZDT1 Problem after 1000 generations

-

9]l

Time (seconds)

QANSGA Time P!
NSGAI Time =

—o— QANSGA Time
—— NSGAI Time

Time (seconds)

20 30 40 50 60 70 80 10 20 30 40 0
Number of variables Number of variables

Time Comparison for ZDT1 Problem after 2000 generations

80 | —o— OANSGATime
s NSGAI Time 7
/
70 A~
/
—. 60 7
@ %
) #
§ /
/

§ 50 X
o ce
E
F 40 —

30 —

20

10 20 30 60 70 80

40 50
Number of variables

Figure 8. Computational time comparison for classical NSGA-IT and QANSGA with different number of variables for ZDT-1

Problem.
QANSGA vs NSGA-II on zdt-4 (Nge, = 1000 (Embedding: fixed), Nyar = 30) QANSGA vs NSGA-II on zdt-4 (Ngen = 5000 (Embedding: fixed), Nyar = 30)
8 ‘ ® QANSGA ° ® QANSGA
© NSGA sl % o NSGA
~.~. —-== True Pareto Front ) ° —-== True Pareto Front
7 . ...~ %E
®oq °
e ® w] $ e
6 ° *e °
° a2 ER e ‘0 L
® e e ® % ®
° S
5 ° 08 ®
R %
°
N4 ‘ " b - e,
% °
06 e ®,
) ®o0s
, \!\b\ L
0.4 S~ L
%0y o
2 XY %o,
~. °
o, %
02 b, SO R ®e >
1 . -
—— -, “q °
__________ ~o o
---------- ~»
_______________ "o_
[ ———— e Bt s O 0.0 L0
0o 0.2 0.4 0.6 0.8 10 0.0 02 04 0.6 08 10
fl fl

Figure 9. Pareto front comparison after 1000 and 5000 generations for QANSGA and NSGA-II solutions for ZDT-4 problem with 30
variables.

5000, QANSGA dominates and reaches true Pareto front. NSGA-II has still not converged to true Pareto front
after 5000 generations.

Table 8 shows the metric comparison between NSGA-II and QANSGA. QANSGA is 87%, 89% and 27%

better performance in GD, IGD and HV respectively. Even in computational time QANSGA is 21% faster than
NSGA-Ii after 5000 generations. This shows the faster and efficient performance of QANSGA over NSGA-II for
larger problems.
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Table 8. GD, IGD,HV and computational time comparison of NSGA-II
and QANSGA after 5000 generations for ZDT-4 problem. Computational
time of QANSGA includes classical NSGA-II part + QPU access time

excluding embedding.

Algorithm GD IGD HV Computational time (s)
NSGA-II 0.14 0.13 0.66 53
QANSGA 0.017 0.014 0.84 42

4. Conclusion and outlook

This paper presented novel quantum assisted GA, named as Quantum Assisted Non-dominated Sorting
algorithm (QANSGA) to optimize MOO problems. This paper explores the performance of QANSGA for 6
different benchmark MOO problems such as ZDT, OSY and TNK problems. The comparison of QANSGA
results with classical NSGA-II showed that QANSGA performs better for metrics such as GD, IGD and HV for
majority of the problems for all problem sizes. QANSGA lacks in computational effort compared to NSGA-II
for smaller problems. As the problem size increases in terms of number of variables, QANSGA outperforms
NSGA-II even in computational effort, which shows robustness of QANSGA. The visual comparison of both
the algorithms also showed better convergence and diversity of QANSGA compared to NSGA-II. The metric
comparison showed that QANSGA outperforms classical NSGA-II in terms of convergence and diversity by
33% and 42% respectively on an average. The drawback of QANSGA is the physical limit of the state-of-the-art
quantum annealers. Due to physical limit of the number of qubits, we had to restrict the problem size maximum
up to 80 variables. Classical NSGA-II can be used even for larger problems. This limitation requires the
QANSGA to be used strategically to use quantum resources efficiently. This is shown in our further research
and use of QANSGA in [34], which also shows the use of QANSGA in real optimization problem of energy
system optimization.

Building upon the robust performance of QANSGA, future research will focus on overcoming current
hardware constraints and expanding the algorithm’s versatility. As QA technology matures and qubit counts
increase, we aim to scale QANSGA to high-dimensional problems exceeding the current 80-variable limit,
potentially unlocking a definitive quantum advantage for massive-scale industrial optimizations. There has
already been research advancement in mitigating the hardware constraints in gate-based and quantum anneal-
ing-based quantum computers [35, 36]. Furthermore, investigating hybrid quantum—classical architectures
could allow for a more strategic distribution of computational loads, using quantum resources specifically for
the most complex non-convex regions of the search space. Future iterations will also explore the integration of
adaptive penalty functions to better handle highly constrained multi-objective landscapes. Beyond the bench-
mark optimizations explored in current work, the application of QANSGA to diverse fields such as industrial
design, logistics, and drug discovery remains a promising frontier for demonstrating the algorithm’s general-
izability and efficiency.
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