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Abstract

Traditional quantum-based evolutionary algorithms are intended to solve single-objective optimization problems or
multiobjective small-scale optimization problems. However, multiobjective large-scale optimization problems are
continuously emerging in the big-data era. Therefore, the research in this paper, which focuses on combining quantum
mechanics with multiobjective large-scale optimization algorithms, will be beneficial to the study of quantum-based
evolutionary algorithms. In traditional quantum-behaved particle swarm optimization (QPSO), particle position un-
certainty prevents the algorithm from easily falling into a local optimum. Inspired by the uncertainty principle of posi-
tion, the authors propose quantum-enhanced multiobjective large-scale algorithms, which are parallel multiobjective
large-scale evolutionary algorithms (PMLEAs). Specifically, PMLEA-QDE, PMLEA-QjDE and PMLEA-QJADE
are proposed by introducing the search mechanism of the individual particle from QPSO into differential evolution
(DE), differential evolution with self-adapting control parameters (jJDE) and adaptive differential evolution with op-
tional external archive (JADE). Moreover, the proposed algorithms are implemented with parallelism to improve the
optimization efficiency. Verifications performed on several test suites indicate that the proposed quantum-enhanced
algorithms are superior to the state-of-the-art algorithms in terms of both effectiveness and efficiency.

Keywords: Quantum mechanics, Multiobjective large-scale optimization, Quantum-inspired evolutionary algorithm
(QIEA), Large-scale optimization

1. Introduction 17 with a high acceleration ratio for large-size quadratic

18 knapsack problems, which have only one objective.
The quantum-inspired evolutionary algorithm

(QIEA) combines the evolutionary algorithm (EA) and
quantum computation, achieving a balance between
exploration and exploitation [1]. Compared with EAs,
QIEAs use the probability amplitude representation of
qubits to encode chromosomes. The use of the quantum
rotation gate update strategy allows QIEAs to converge
more quickly [2]. Quantum gate updating is a key step
in quantum evolutionary algorithms (QEAs). Xiong et
al. [3] summarized the most commonly used quantum
rotation gates. The superposition and entanglement of
the quantum state provides QIEAs with the potential
to apply parallelism in the process of evolution [4].
Patvardhan et al. [4] proposed a parallel improved
quantum inspired evolutionary algorithm (IQIEA-P)

19 In addition to single-objective optimization problem-
20 8, many real-world problems need to optimize multiple
21 conflicting objectives simultaneously. Problems with t-
22 Wo or three objectives are usually called multiobjective
23 optimization problems (MOPs). Problems with more
2 than three objectives are called many-objective opti-
»s mization problems (MaOPs). Moreover, many practical
26 optimization problems have hundreds of decision vari-
27 ables [5, 6], which are referred to as large-scale opti-
2s mization problems. Problems with two or three objec-
20 tives and a large number of decision variables (usual-
s ly more than 100) are denoted as multiobjective large-
a1 scale optimization problems (MOLSOPs).

3 Considering the excellent diversity characteristics of
s quantum systems, many studies have combined quan-
s tum computation with single-objective EAs and applied
*Corresponding authors. s them to numerical optimization [7], combinatorial opti-
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mization [8], production scheduling [9], vehicle routing
[10], and other fields. Pavithr [11] proposed a hybrid
quantum-inspired social evolutionary algorithm (QSE)
that performed well on the 0-1 knapsack problem. Dahi
et al. [12] proposed a quantum-inspired genetic algo-
rithm (QIGA) with new quantum gates to address the
antenna positioning problem. Alanis et al. [13] pro-
posed a nondominated quantum optimization algorithm
(NDQO) to optimize a multiobjective routing problem.
Li et al. [14] proposed a quantum memetic algorithm
(QMA) by introducing cultural evolution. Some schol-
ars have combined differential evolution (DE) [15, 16]
with quantum computation. Hu et al. [17] combined
quantum-behaved particle swarm optimization (QPSO)
[18], DE and the tabu search algorithm [19], proposing
the hybridized vector optimal algorithm QPSO-DET,
which better balances the relationship between local
search and global search. SaiToh et al. [20] showed that
even with the introduction of quantum mutation oper-
ators, the algorithm is sometimes prone to fall into lo-
cal search. Therefore, a quantum crossover process that
crosses all chromosomes in each generation was pro-
posed. Based on QEAs, Ren et al. [21] proposed a hy-
brid quantum differential evolution algorithm (HQDE)
that updates quantum chromosomes by quantum differ-
ential evolution (QDE) and quantum harmony search
(QHS).

However, quantum theory has rarely been applied to
solve large-scale optimization problems. Ding et al.
[22] proposed a single-objective quantum cooperative
coevolution algorithm for attribute reduction (QCCAR)
with respect to large data sets by combining the cooper-
ative coevolutionary (CC) [23] framework with a QEA.
Tian et al. [24] combined the QPSO algorithm with
the CC framework and proposed the single-objective
QPSO_CC framework to solve large-scale optimization
problems. They used the random decomposition strate-
gy to separate the search space and used QPSO to op-
timize each subgroup. Fang et al. [25] proposed a ran-
dom selection decomposition strategy based on random
dimension reduction to solve large-scale optimization
problems and proposed the RSQPSO algorithm based
on the QPSO and random selection strategy. The above
three algorithms have applied the CC framework and
QIEA for large-scale optimization but only been used
for single-objective large-scale optimization problems.

Traditional EAs have been applied in many fields
[26, 27, 28], but their optimization performance sub-
stantially decreases as the number of decision variables
increases. Research on multiobjective large-scale EAs
is both popular and difficult [29, 30, 31, 32]. Among
these algorithms, the variable grouping and CC strategy
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are helpful in improving the optimization performance
with respect to large-scale problems.

Some scholars have combined quantum mechanic-
s with multiobjective EAs. Kumari et al. proposed a
quantum heuristic multiobjective differential evolution
algorithm (QMDEA) [33] and a multiobjective quan-
tum heuristic hybrid differential evolution algorithm
(MQHDE) [34] to balance exploration and exploitation.
All these methods have combined DE with a genetic al-
gorithm (GA) and quantum computation to form mul-
tiobjective frameworks, contributing to the balance be-
tween convergence and diversity in multiobjective op-
timization algorithms [35]. Li et al. [36] proposed
the quantum behavioral discrete multiobjective particle
swarm optimization (QDM-PSO) algorithm and applied
it to a large-scale complex network clustering problem.
Mouradian et al. [37] modeled task allocation for a large
number of robots in a large-scale natural environment
as a multiobjective problem and proposed the quantum
multiobjective particle swarm optimization (QMOPSO)
algorithm. Mousavi et al. [38] used a QEA to solve
the computational complexity of coalition formation in
large-scale unmanned aerial vehicle (UAV) networks.
Tang et al. [39] proposed a QPSO with memetic algo-
rithm and memory (SMQPSO) algorithm to solve con-
tinuous nonlinear large-scale problems.

Distributed and parallel algorithms [40] can capital-
ize on large numbers of computing resources and sub-
stantially reduce algorithm time consumption, improv-
ing algorithm efficiency [41]. Tan et al. [42] proposed a
distributed coevolution multiobjective optimization al-
gorithm. Cao et al. proposed a distributed paral-
lel cooperative coevolutionary multiobjective evolution-
ary algorithm (DPCCMOEA) [43] based on an im-
proved variable analysis strategy and a distributed par-
allel cooperative coevolutionary multiobjective large-
scale evolutionary algorithm (DPCCMOLSEA) [44] to
solve MOLSOPs. Both algorithms are based on a de-
composition strategy in which the variables are broken
down into groups, and each group is optimized by one
subpopulation using the DE operator [15, 16]. Based on
DPCCMOLSEA, we propose the parallel multiobjec-
tive large-scale evolutionary algorithm(PMLEA) with
either quantum-enhanced DE, quantum-enhanced dif-
ferential evolution with self-adapting control parameter-
s (jJDE) or quantum-enhanced adaptive differential evo-
Iution with optional external archive (JADE), denoted
as PMLEA-QDE, PMLEA-QjDE and PMLEA-QJADE,
respectively.

The contributions of the present study include the fol-
lowing:
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1. We integrate the position update strategy based on
the theory of quantum mechanics in QPSO into the
DE operator of the DPCCMOLSEA framework to
optimize the population.

2. Based on jDE and JADE, we propose the variants
PMLEA-QjDE and PMLEA-QJADE, in which the
adaptive parameters are quantized.

3. The integration of parallel operation based on the
message passing interface (MPI) substantially re-
duces the runtime of the quantum-enhanced algo-
rithm.

The organization of this paper is as follows. Sec-
tion 2 introduces the large-scale MOPs and the QPSO
algorithm. The proposed methodology is described in
Section 3. Section 4 reports the experimental compari-
son results and provides an analysis. Finally, Section 5
summarizes this paper.

2. Related Work

2.1. MOLSOPs

MOPs in which the decision variable number is
greater than or equal to 100 are called MOLSOPs. In
general, an MOP with N decision variables and M ob-
jective variables can be described as follows [34, 45]:

min F(x) = (f1(x), £2(x), -+ , fu(x)) € R

st.x={x, - ,xy}eQcRY

(1

where X is a decision vector in decision space Q, N >
100, and F(x) is an objective vector located in the ob-
jective space, M < 3.

2.2. Quantum-behaved Particle Swarm Optimization

The QPSO algorithm is based on the quantum poten-
tial well model inspired by the principles of quantum
mechanics. It establishes an attractive potential that af-
fects the individuals in a population, in which each par-
ticle is attracted by a quantum potential well whose cen-
ter is located at its local attractor. The randomness of the
particle position in QPSO improves its global search ca-
pability.

In standard particle swarm optimization (PSO) [46],
each particle moves in an N-dimensional space accord-
ing to the following equations:

g+l _ 8 ( _ g) g ( g _ g)
Vij =V rarn; (P = Xi5) + eR, (G5 - X

+1 +1
X8 = x84 V&
L] L] L]
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where V¥ denotes the velocity vector, X denotes the po-
sition vector, i € {1,2,..., NP} denotes the individual
index, NP denotes the population size, j € {1,2,..., N}
denotes the variable index, g denotes the current gen-
eration number, w denotes the inertia weight, c; and c;
are acceleration coefficients, P{ = (P;g 1’P§,2’ . ,Pf N)
is the best previous position of particle i and is re-
ferred to as the personal best position (pbest), and G4 =
(Gf LGS, ..., G]gv) is the best particle position in the pop-
ulation and is called the global best location (gbest).
Different from the particles in PSO, which are rep-
resented by both position and velocity, only positional
information is used to describe the particles in QPSO,
and the local attractor of particle i is a random position.
Specifically, for each dimension of particle i, the posi-
tion of a random point is calculated first as follows:

¢ _ .8 pg S\ 8 —
r=e P (1-6f) G el = v @
where goij denotes a random number, and U (0, 1) de-
notes a uniformly generated random number in [0, 1).
Then, the whole particle position can be calculated, and
the corresponding offspring i is generated as follows:

g+l _ g g 8 g

X —pi’jia'Xi,j—Cj‘ln(l/ui’j) (5)
Cg—igpg (1<j<N) 6)
i NP ij J=

where C§ is the average of the pbest positions of all par-
ticles in the j-th dimension, a denotes the contraction
expansion (CE) coefficient controlling the convergence
speed, and uf:j =U(0,1) and uﬁj > 0 is a random num-
ber.

3. The Proposed Quantum-enhanced Algorithm

In QPSO, the randomness of the particle position
causes it to have better global search capability. There-
fore, inspired by the theory of position update in QP-
SO and based on the DPCCMOLSEA framework, we
propose PMLEA-QDE, PMLEA-QjDE and PMLEA-
QJADE.

DPCCMOEA [43] and DPCCMOLSEA [44] both re-
ly on decomposition to solve MOLSOPs. In this sec-
tion, we describe DPCCMOEA, DPCCMOLSEA, and
the proposed quantum-enhanced algorithms.
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3.1. DPCCMOEA
3.1.1. Overall architecture

In the first layer, the variables are decomposed into
several groups, each of which is optimized by a subpop-
ulation. In the second layer, each CPU core is responsi-
ble for the evolution and evaluation of the individuals.

3.1.2. Optimization

Each individual relies on neighboring individuals or
the whole subpopulation to share information. Howev-
er, the individuals in each subpopulation are divided into
multiple sets. To reduce the amount of communication,
the set of individuals in each CPU core can obtain on-
ly the information of the individual sets in the adjacent
CPU cores. Each variable j of the partial trail vector
trail;  is as follows:

trail;j = pij+ F X (Pal,j - paz,j) Q)

st.i€{l,2,...,NP}, j€ S,y

where i is selected by the binary tournament method,
pi is the decision vector, j is the index of the decision
variable, a; and a, are randomly selected solutions, and
S opr 1s the variable group for optimization with respect
to the current CPU core.

3.1.3. Crossover

To evaluate the fitness, the remaining variables of the
trail vector should be generated to form a complete so-
lution. For which, the crossover strategy is employed as
follows:

Dij ifj¢Sop,Ar1<O.5
trail,;jz DPby.j ifjgéS(,p,/\rl >05Ar<05
D»,,j Otherwise

(®)
where ry,r, = U (0, 1) are random numbers, and b; and
b, are randomly selected solutions satisfying by # b, #
i.

3.1.4. Mutation

The generated trail; vector is mutated with the proba-
bility of 1/N via polynomial mutation. Finally, the pop-
ulation update refers to MOEA/D [47].

3.2. DPCCMOLSEA
3.2.1. Overall architecture

In contrast to DPCCMOEA, in the second layer of
DPCCMOLSEA, in each subpopulation, a master CPU
core is responsible for the evolution of each subpopu-
lation, while the computational burdens (i.e., the fitness
evaluations) are shared across all the CPU cores.
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3.2.2. Optimization

In DPCCMOEA, each subpopulation is separated to
several sets, each of which is in the charge of one CPU
core. Therefore, all individual sets are evolved in paral-
lel. Different from DPCCMOEA, in DPCCMOLSEA,
all individuals in each subpopulation are evolved in one
corresponding master CPU core in serial, resulting in
better utilization of the information between individuals
in each subpopulation.

3.2.3. Crossover

Different from DPCCMOEA, which uses a fixed
crossover rate, DPCCMOLSEA adopts an adaptive s-
trategy [48]:

CR; = GaussRand (u;,0.1) ©)

where CR; represents the crossover probability of the i-
th individual and satisfies the Gaussian distribution with
mean value of u; and a deviation factor of 0.1. The
update of y, satisfies the following equation:

M1 = (1 —C)X/,ll + ¢ X meany (S cr) (10)

where ¢ is 0.1, meany (S cg) returns the mean of all el-
ements in the set S cg, and S cg stores the CR values of
successfully evolved individuals.

3.3. The Proposed Algorithm

Although DE converges quickly, it can easily fall into
local optima. In QPSO, the bound-state particles de-
scribed by the probability density function can appear
in any interval throughout the feasible solution space
with a certain probability. Based on the above consid-
erations, we integrate the theory of position updating in
QPSO into DE and its variants (jJDE and JADE). The
proposed quantum-enhanced algorithms are detailed as
follows.

3.3.1. Parameter quantization: PMLEA-QDE

Considering the establishment of an attractive poten-
tial that affects individuals in the population, the § po-
tential well field produces a better effect [18]. To deter-
mine the exact position of the individual, the quantum
state must be collapsed to the classical state; then, the
particle position is measured by a Monte Carlo stochas-
tic simulation. Each variable of an individual moves in
an one-dimensional ¢ potential well centered at point p
[18], and its position can be calculated via the following
stochastic equation:

X:pi%ln(l/u) (11)
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where L is the feature length of the § potential well, and

u=U(0,1) Au # 0. The above results can be extended

to the N-dimensional space. The basic evolution equa-

tion for the j-th variable of individual i is
L,

e =p§ji%ln(l/”§j) (12)

It is proven that in an N-dimensional space, the nec-
essary and sufficient condition for the position of indi-
vidual i evolved through the above process to converge
in probability to its attractor pf = (pﬁ 1Py DY N)
is that each dimensional coordinate Xf;.rl converges in
probability to p;  [18].

The necessary and sufficient condition for the posi-
tion of an individual to converge in probability to the at-
tractor is limy_, e Lf:j = 0. Accordingly, to make the in-
dividual converge to the local attractor, controlling Lﬁ i
causes convergence to 0. Therefore, the average best
position p%,,, that is, the average of the best positions of
all individuals, is introduced into the algorithm [49, 50]:

NP

Phes = 3 2P (13)
i=1

1

Then, Li i is evaluated by the following formula:

P

ave,j

Lfi =2a X

g
- x¢| (14)
Finally, the evolutionary formula for an individual be-
comes:

X5 = plyx ax (Pl = X5)xm(1uf) — (15)
where « is the CE coefficient, and uf’f =U(0,1)A uf’j #
0 is a random number.

When optimizing the population by DE, the scaling
factor F is a key coefficient in the optimization process.
If F is too large, then it contributes to population di-
versity but the convergence is slow, reducing the search
efficiency. In contrast, F that is too small causes prema-
ture convergence. In standard DE, each decision vector
Xf" (i = 1,2,...NP) produces a mutation vector. The
mutation strategies include DE/rand/1, DE/current-to-
best/1, DE/best/1, etc., and the most commonly utilized
strategy is DE/rand/1:

Vi =X;

|+ (X5 - X5) (16)
where i is the index of the current individual, Vf is the i-
th variation vector generated in the g-th generation, and

ri,r,ry € {1,2,---, NP} are random numbers with r; #
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r» # r3 # I, and F; is the mutation scale factor in (0, 1],
being fixed or varied with evolution.

The principle of individual evolution in QPSO is inte-
grated to the DE optimization process. In the quantum-
enhanced algorithm, mutated individuals are generated
as follows:

Ve =
i.j
X5 +ax (X5 - X8 )xIn(1/uf)) ifuf/ <05
ij —ax (Xfl,j - sz’j) x In (1/14;%) otherwise

a7

S.t. jE€Sop
where ufi/ = U (0, 1) denotes a random number.

3.3.2. Adaptive parameters with quantum: PMLEA-
QjDE and PMLEA-QJADE
jDE [51] and JADE [48] are representative
parameter-adaptive algorithms that can adjust both
the crossover probability CR and the scaling factor F.
Both jDE and JADE have achieved good optimization
results on the standard test suites.
In jDE, before each generation, F' and CR are updated
using the following equations [51]:

_ Fi+rnxF, ifr, <1
Fi= { F; otherwise (18)
_ r3 if rg <Tp
CRi = { CR; otherwise (19)

where r; = U (0,1) (j € {1,2,3,4}) are random num-
bers, and 7 and 7, are parameters.

By quantization, the final scale factor in use, F7, in
PMLEA-Q]jDE is as follows:

ifrs <0.5

F = .
otherwise

1

(20)

ln[l/u,-]XF,-
—ln[l/u,‘]XF,‘

where rs = U (0, 1) is a random number.

JADE uses a parameter strategy based on statistical
learning in which F' and CR are dynamically adjust-
ed according to previous successful experiences [48].
Specifically, CR is updated as follows:

CR; = GaussRand (u;,0.1) 2n

1= (1 —c)Xu +cxXmeany (Scr) (22)

where CR; obeys the Gaussian distribution with mean
of u; and a standard deviation of 0.1, c is a constant in
(0, 1), meany(-) denotes the usual arithmetic mean, and
S cr records the crossover probabilities CR; that enable
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the corresponding offsprings successfully entering the
next generation.
The scaling factor F is updated as follows:

F; = CauchyRand (u,,0.1) 23)

tr = (1 —c¢)Xuy +cxmeany (Sr) 24)

where F; obeys the Cauchy distribution with location
parameter of u, and a scale parameter of 0.1, c is a con-
stant in (0, 1), and mean, (-) denotes the Lehmer mean.
The scaling factor F; that enables the corresponding
offspring to successfully enter the next generation is
recorded in S p.

The strategy for quantizing F; in PMLEA-QJADE is
the same as in PMLEA-QjDE:

e

where rg = U (0, 1) is a random number.

ln[l/u,-]XFi
—ln[l/ui] XF,'

if r6 <0.5

otherwise (25)

4. Experimental Results and Analysis

4.1. Experimental Setup

We compared the proposed quantum-enhanced al-
gorithms PMLEA-QDE, PMLEA-QjDE, and PMLEA-
QJADE with PMLEA-DE, PMLEA-jDE, PMLEA-
JADE, PMLEA-PSO, PMLEA-QPSO, the coopera-
tive coevolutionary generalized differential evolution
3 (CCGDES3) algorithm [52], the multiobjective evo-
lutionary algorithm based on decision variable anal-
yses (MOEA/DVA) [53], MOEA/D [47], cooperative
multiobjective differential evolution (CMODE) [54],
nondominated sorting genetic algorithm IT (NSGA-II)
[55], weighted optimization framework-based speed-
constrained multiobjective PSO (WOF-SMPSO) [56],
large-scale multiobjective competitive swarm optimizer
(LMOCSO) [57], large-scale multiobjective optimiza-
tion framework (LSMOF) [58] and DPCCMOEA [43].
What should be mentioned is that, for multiobjective
optimization with PMLEA-QPSO, there is not a glob-
al best individual simultaneously considering all objec-
tives, and the central position averaging all personal best
individuals may not contribute to the optimization of
MOPs, therefore, in Eqs. 4 and 5, G¢ and C¥ are two
distinct individuals, different from individual i, random-
ly selected in the niche or the whole population.

For the DE operator, we set F' and CR, respectively,
to 0.5 and 1.0; for the jDE and JADE operators, F' and
CR were both initially set to 0.5. CCGDE3 used a fixed
grouping strategy, and the number of groups was set to
2, each of which are optimized by NP/2 individuals. In
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CMODE, 3 subpopulations were used when there were
3 objectives, and 2 subpopulations were used for 2 ob-
jectives. In addition, the size of each subpopulation was
20, and the archive sizes were 100 and 120 for 2 and
3 objectives, respectively. In MOEA/DVA, the repeti-
tion numbers of control variable analyses and interde-
pendence analyses were set to 20 and 6, respectively. In
DPCCMOEA, the above values were set to 20 and 1,
which is the same for all PMLEA algorithms, and the
group size threshold was set to 111, while it was 100 in
all PMLEA algorithms. In MOEA/DVA, DPCCMOEA,
all PMLEA algorithms, and MOEA/D, the niche size,
the replacement limit of offspring individuals, and the
probability of selecting a parent individual from niche
were set to 0.1 X NP, 2, and 0.9, respectively.

MOEA/DVA and NSGA-II used simulated binary
crossover (SBX) and polynomial mutation. MOEA/D,
MOEA/DVA, DPCCMOEA and all PMLEA algorithm-
s used polynomial mutation. The distribution indices of
SBX and polynomial mutation were both set to 20, the
crossover probability of SBX was 1.0, and the polyno-
mial mutation probability was 1.0/N.

The distributed parallel structure of the proposed al-
gorithms was implemented via MPI and was tested on
the Tianhe-2 supercomputer using a total of 72 CPU
cores. All the comparison algorithms optimized each
test instance for 20 times. In the experiments, we
used the following test suites: DTLZ [59], WFG [60],
LSMOP [61] and MaOP [62]. The numbers of variables
in the DTLZ and WFG test problems were 200 and 300,
respectively, for 2 and 3 objectives. For the 2-objective
and 3-objective LSMOP instances, there were 206 and
307 variables, respectively. The number of variables in
MaOP2 was 300, and the number of objectives was 3.
We set the population size to 100 for algorithms with
two objectives and 120 for algorithms with three objec-
tives. The number of fitness evaluations was N x 10*.

4.2. Performance Measurement

Algorithm performance was measured by the invert-
ed generational distance (IGD) [63, 64], which compre-
hensively measures the convergence and distribution of
a generated Pareto front (PF). The IGD is defined as fol-
lows:

2a=pd (x, P")
|P|

where P is the point set uniformly sampled on the real
PF, |P] is the cardinality of set P, P* denotes the Pare-
to solution set obtained by the optimized algorithm, and
d (x, P*) is the minimum Euclidean distance between x

IGD (P, P*) = (26)
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Figure 1: IGD evolution curves for different algorithms on the 2/3-objective DTLZ1, 3 and 6 functions.

2-Objective DTLZ1

102

10°

102

10
0 0.5 1 15 2
FEs %108

—&— CCGDE3
—+—cmoDE
MOEA/D
—F—MoEA/IDVA
—¥— NSGA-Il
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
—[B-- PMLEA-QDE
—<4— PMLEA-DE
~<-- PMLEA-Q|DE
—F— PMLEA-JADE
~¥ - PMLEA-QJADE
—&— PMLEA-PSO
PMLEA-QPSO

(a) Comparison of algorithms on 2-objective DTLZ1

10°

0 0.5 1

2-Objective DTLZ3

15 2

FEs x10°

—&— CCGDE3
—F—cmoDE
MOEA/D
—F—MOEA/DVA
—— NSGA-II
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
— - PMLEA-QDE
—<4— PMLEA-DE
~<- PMLEA-QjDE
—§— PMLEA-JADE
~% - PMLEA-QJADE
%~ PMLEA-PSO
PMLEA-QPSO

(c) Comparison of algorithms on 2-objective DTLZ3

10*

=
o
N

=
o
°©

=
o
[

10

2-Objective DTLZ6

—3&— CCGDE3
—+—cmoDE
MOEA/D
—F—MoEA/IDVA
—%— NSGA-Il
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO

0 05 1
FEs

15 2
x10°

—%— DPCCMOEA
PMLEA-DE
—[B-- PMLEA-QDE
<4~ PMLEA-DE
~<-- PMLEA-Q|DE
—F— PMLEA-JADE
~¥ - PMLEA-QJADE
—&— PMLEA-PSO

PMLEA-QPSO

(e) Comparison of algorithms on 2-objective DTLZ6

IGD Values

IGD Values

IGD Values

3-Objective DTLZ1

104

102

10t

10°

10

33T 3553555805808

102
0

0.5

1 15 2
FEs

25 3
x108

—&— CCGDE3
—+—cmoDE
MOEA/D
—F—MoEAIDVA
—¥—NSGA-Il
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
—[B-- PMLEA-QDE
—<4— PMLEA-DE
~<-- PMLEA-QDE
—§— PMLEA-JADE
—% - PMLEA-QJADE
—4— PMLEA-PSO
PMLEA-QPSO

(b) Comparison of algorithms on 3-objective DTLZ1

3-Objective DTLZ3

10°

25 3
x10°

FEs

—&— CCGDE3
—F—cMoDE
MOEA/D
—F—MOEA/DVA
—%—NSGA-Il
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
— - PMLEA-QDE
—<— PMLEA-DE
~<- PMLEA-QJDE
—§— PMLEA-JADE
~¥- PMLEA-QJADE
—A—PMLEA-PSO
PMLEA-QPSO

(d) Comparison of algorithms on 3-objective DTLZ3

3-Objective DTLZ6

104
, b
" }I\H‘P}H-}H_}H
CPRT
15,
10° g
PRGN
2
102 "I’T‘Tﬁi
Srd
10
0o 05 1 15 2 25 3
FEs %108

—&— CCGDE3
—+—cmoDE
MOEA/D
—F—MoEA/IDVA
—¥— NSGA-Il
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
—[B-- PMLEA-QDE
<~ PMLEA-DE
~<-- PMLEA-QDE
—§— PMLEA-JADE
—% - PMLEA-QJADE
—&— PMLEA-PSO

PMLEA-QPSO

(f) Comparison of algorithms on 3-objective DTLZ6



10t

IGD Values
=
o
>

=
S}
[N

102
0

2-Objective WFG4

—&— CCGDE3
—+—cmoDE
MOEA/D
—F—MoEA/IDVA
—¥— NSGA-II
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
—[B-- PMLEA-QDE
—<4— PMLEA-DE
~<-- PMLEA-Q|DE
—F— PMLEA-JADE
—% - PMLEA-QJADE
—&— PMLEA-PSO
PMLEA-QPSO

v

0.5

1 15 2
FEs x10°8

(a) Comparison of algorithms on 2-objective WFG4

10t

IGD Values
N
o 15
- >

=
o
[

107
0

2-Objective WFG6

0.5

1 15 2
FEs x10°8

—&— CCGDE3
—F—cmoDE
MOEA/D
—F— MOEA/DVA
—%— NSGA-II
—#—LMOCSO
—&—LSMOF
—%— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
— - PMLEA-QDE
—<4— PMLEA-DE
~<- PMLEA-QjDE
—§— PMLEA-JADE
~% - PMLEA-QJADE
—&— PMLEA-PSO
PMLEA-QPSO

(c) Comparison of algorithms on 2-objective WFG6

IGD Values
N
e

[
o
[

10°
0

2-Objective WFG9

0.5

1 15 2
FEs x10°

—&— CCGDE3
—F—cmoDE
MOEA/D
—I—MOEA/DVA
—¥— NSGA-Il
—&—LMOCSO
—&—LSMOF
—%&— WOFSMPSO
—%— DPCCMOEA
PMLEA-DE
— - PMLEA-QDE
—<— PMLEA-DE
~<- PMLEA-QJDE
—F— PMLEA-JADE
~¥- PMLEA-QJADE
24— PMLEA-PSO
PMLEA-QPSO

(e) Comparison of algorithms on 2-objective WFG9

Figure 2: IGD evolution curves for different algorithms on the 2/3-objective WFG4, 6, and 9 functions.
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Figure 3: IGD evolution curves for different algorithms on the 3-objective MaOP2 function.
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Figure 4: IGD evolution curves for different algorithms on the 2/3-objective LSMOP3 and LSMOP6 functions.
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Table 2: The algorithm ranking via the nonparametric
Friedman tests with respect to the average IGD values
on the DTLZ, WFG, LSMOP and MaOP test suites

Algorithm Ranking Final Ranking
PMLEA-QJADE 5.0811 1
PMLEA-JADE [48] 5.4324 2
PMLEA-QDE 5.7838 3
PMLEA-QjDE 5.8919 4
PMLEA-DE [51] 6.3243 5
PMLEA-DE [15] 7.2432 6
DPCCMOEA [43] 8.2973 7
PMLEA-QPSO [18] 8.5676 8
MOEA/DVA [53] 9.4324 9
WOF-SMPSO [56]  9.4595 10
PMLEA-PSO [46] 10.1892 11
LSMOF [58] 10.2703 12
CMODE [54] 10.7838 13
LMOCSO [57] 11 14
NSGA-II [55] 11.2162 15
MOEA/D [47] 11.3243 16
CCGDE3 [52] 16.7027 17

Table 3: The algorithm ranking via the nonparametric
Friedman tests with respect to the average IGD values
on the DTLZ and WFG test suites

Algorithm Ranking Final Ranking
PMLEA-QDE 4.9688 1
PMLEA-QJADE 5.25 2
PMLEA-JADE [48] 5.4062 3
PMLEA-QjDE 5.6875 4
PMLEA-DE [51] 6.2812 5
PMLEA-DE [15] 6.7188 6
DPCCMOEA [43] 8.125 7
PMLEA-QPSO [18] 8.2188 8
WOF-SMPSO [56]  9.875 9
MOEA/DVA [53] 9.9688 10
PMLEA-PSO [46] 10.125 11
LSMOF [58] 10.4688 12
CMODE [54] 10.4688 12
MOEA/D [47] 11.5938 14
LMOCSO [57] 11.5938 14
NSGA-II [55] 11.5938 14
CCGDE3 [52] 16.6562 17
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Table 4: The algorithm ranking via the nonparametric
Friedman tests with respect to the average IGD values
on the LSMOP test suite

Algorithm Ranking Final Ranking
PMLEA-QJADE 4 1

WOF-SMPSO [56]  4.75 2
PMLEA-JADE [48]  5.75 3
LMOCSO [57] 5.75 3
MOEA/DVA [53]  6.75 5
LSMOF [58] 7.25 6
NSGA-II [55] 75 7
PMLEA-DE [51]  7.75 8
PMLEA-QjDE 8.75 9
DPCCMOEA [43]  8.75 9
MOEA/D [47] 10.5 11
PMLEA-DE [15] 10.5 11
PMLEA-PSO [46] 11 13
PMLEA-QDE 11.25 14
PMLEA-QPSO [18] 11.5 15
CMODE [54] 14.25 16
CCGDE3 [52] 17 17

on the 3-objective MaOP2 test function. PMLEA-
QjDE performs the best, followed by PMLEA-jDE and
MOEA/DVA, while CCGDE3 performs the worst.

5. Conclusions

Based on the DPCCMOLSEA framework, we
proposed a series of quantum-enhanced algorithms:
PMLEA-QDE, PMLEA-QjDE and PMLEA-QJADE.
We combined parameter quantization and the DE op-
erator to optimize the population. Moreover, in op-
timizers of jDE and JADE, the adaptive parameters
are enhanced by quantization. We used the multiob-
jective test suites DTLZ, WFG, LSMOP and MaOP
to compare the quantum-enhanced algorithms to oth-
er state-of-the-art multiobjective algorithms and ranked
the algorithms using nonparametric tests. The result-
s showed that PMLEA-QJADE, PMLEA-QjDE and
PMLEA-QDE achieve better optimization results than
the other algorithms. The adoption of parallel operation
in the MPI environment greatly reduced the time con-
sumption of the algorithms. In future work, we will in-
troduce the theory of quantum mechanics into differen-
t stages of multiobjective large-scale EAs and propose
new parameter-adaptive methods to improve the opti-
mization efficiency. We will also use the improved mul-
tiobjective large-scale EA to solve complex real-world
optimization problems.
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