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Abstract: The dung beetle optimizer (DBO) is a metaheuristic algorithm with fast convergence and powerful search capabilities,
which has shown excellent performance in solving various optimization problems. However, it suffers from the problems of
easily falling into local optimal solutions and poor convergence accuracy when dealing with large-scale complex optimization
problems. Therefore, we propose an adaptive DBO (ADBO) based on an elastic annealing mechanism to address these issues.
First, the convergence factor is adjusted in a nonlinear decreasing manner to balance the requirements of global exploration and
local exploitation, thus improving the convergence speed and search quality. Second, a greedy difference optimization strategy is
introduced to increase population diversity, improve the global search capability, and avoid premature convergence. Finally, the
elastic annealing mechanism is used to perturb the randomly selected individuals, helping the algorithm escape local optima and
thereby improve solution quality and algorithm stability. The experimental results on the CEC 2017 and CEC 2022 benchmark
function sets and MCNC benchmark circuits verify the effectiveness, superiority, and universality of ADBO.
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Introduction

Optimization problems are prevalent in real life
and engineering applications that are widely used in
areas such as resource allocation, financial portfolio
optimization, intelligent transportation (Han et al.,
2024), drone path planning (Amores et al., 2024),
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and supply chain management (Li J et al., 2023). Me-
taheuristic algorithms, inspired by natural phenomena
(e.g., biological evolution and physical dynamics),
have emerged as mainstream solutions for complex
optimization tasks, particularly in high-dimensional or
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uncertain problem spaces (Ali et al., 2015; Tkram et al.,
2023).

These algorithms simulate natural processes (e.g.,
evolutionary mechanisms or collective behaviors) to ap-
proximate global optimal solutions. Their core strengths
include robust global search to avoid local optima,
flexibility without strict mathematical formulations,
and inherent parallelism for scalability. Metaheuristic
algorithms are broadly classified into four categories
based on design principles: evolutionary algorithms
(e.g., genetic algorithm (GA) (Grefenstette, 1993), dif-
ferential evolution (DE) (Storn and Price, 1997), and
cultural algorithm (CA) (Reynolds and Peng, 2004)),
which mimic biological evolution using mechanisms
such as selection, mutation, and social learning; swarm-
based algorithms (e.g., artificial rabbits optimization
(ARO) (Wang LY et al., 2022), tunicate swarm algo-
rithm (TSA) (Kaur et al., 2020), and mountain gazelle
optimizer (MGO) (Abdollahzadeh et al., 2022)), which
are inspired by collective animal behaviors and address
multimodal or high-dimensional optimization; physics-
based algorithms (e.g., simulated annealing (SA) mech-
anism (Kirkpatrick et al., 1983), thermal exchange
optimization (TEO) (Kaveh and Dadras, 2017), and
gravitational search algorithm (GSA) (Rashedi et al.,
2009)), which leverage natural phenomena such as
thermodynamics and gravitational interactions for
global search; human-based algorithms (e.g., society
civilization algorithm (SCA) (Ray and Liew, 2003),
anarchic society optimization (ASO) (Ahmadi-Javid,
2011), and teamwork optimization algorithm (TOA)
(Dehghani and Trojovsky, 2021)), which model soci-
etal collaboration, cultural dynamics, or group coor-
dination to solve multi-objective or complex engineer-
ing problems. While distinct in their inspiration, all
categories inherently balance exploration—exploitation
trade-offs and operate with minimal prior knowledge
of problem structures.

The rapid advancement of digital circuit tech-
nology has positioned performance enhancement as a
central research focus. Reed—Muller (RM) logic of-
fers significant advantages over traditional Boolean
logic in optimizing areas (He ZX et al., 2021; Shao
et al., 2021), speed, and power consumption for spe-
cialized circuits like arithmetic units and parity-check
systems. RM circuits are classified as fixed-polarity
RM (FPRM, XNOR/OR-based) or mixed-polarity RM
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(MPRM, XOR/AND-based) circuits, and polarity op-
timization is critical to performance, given the direct
impact of polarity combinations on efficiency.

Identifying optimal polarities within exponentially
large search spaces is a key challenge; exhaustive
search suffices for small-to-medium circuits but is in-
feasible for large-scale designs due to computational
complexity. Intelligent algorithms (e.g., GA and DE)
improve search efficiency in this combinatorial task.
This paper addresses the underexplored area of opt-
imization in FPRM (Sun et al., 2013) and MPRM
(Wang PJ et al., 2010) circuits by improving intelli-
gent algorithms to find optimal polarities with mini-
mal logic gates, aiming to boost circuit performance
and promote RM logic adoption.

This paper presents an adaptive dung beetle
optimizer (ADBO) that features the following three
innovations:

1. Dynamic decay factor strategy: adaptive con-
vergence factor adjustment balances global explora-
tion and local exploitation by modulating decay rates
across optimization stages, ensuring sustained efficacy.

2. Greedy difference optimization strategy: a hy-
brid crossover mechanism for mutant/stealing beetles
enhances population diversity and global search, while
greedy selection retains elite solutions to accelerate
convergence.

3. Elastic annealing mechanism: dual-phase tem-
perature scheduling—rapid cooling in the early stages
followed by a gradual reduction later—perturbs ran-
dom individuals in the final iterations to refine solu-
tions, enhancing robustness and convergence reliability.

Comparative experiments using the CEC 2017
and CEC 2022 benchmark function sets and MCNC
benchmark circuits demonstrate the superior per-
formance of ADBO, which achieves higher conver-
gence precision and global exploration capability than
conventional and state-of-the-art swarm intelligence
algorithms.

2 Related works

DBO, a swarm intelligence algorithm inspired
by dung beetle behaviors (Xue and Shen, 2023), offers
robust global search, rapid convergence, and simplicity,
with applications in robotic path planning and un-
manned aerial vehicle (UAV) trajectory optimization.
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Subsequent improvements aim to enhance its
performance. Zhu et al. (2024) integrated quantum
computing and multi-strategy fusion, using good point
set initialization for uniform population distribution,
adaptive convergence factors to balance exploration—
exploitation, and quantum-based perturbation to avoid
local optima. Shen et al. (2023) proposed a multi-
strategy DBO with beta distribution-based dynamic
inverse learning for solution space exploration, Lévy
distribution-based boundary handling, and dual cross-
over operators to balance search capabilities. He JC
and Fu (2024) improved DBO via Chebyshev chaos
mapping for homogeneous initial populations, a curve-
adaptive golden sine strategy for faster convergence,
and Cauchy-¢ variation with Lévy flights to balance
global and local search. Li LH et al. (2023) introduced
stochastic inverse learning for diversity, fitness—distance
balancing, spiral foraging for position updating, and
Gaussian variation to escape local optima.

While these advancements enhance convergence
and accuracy, challenges remain. The excessive focus
on individual optimization during the stealing phase
reduces population diversity, and overreliance on cur-
rent best solutions in later iterations risks trapping
the algorithm in local optima, limiting its ability to
discover superior solutions in high-dimensional spaces.

3 Dung beetle optimizer

DBO categorizes the population into four types
of search agents: rolling, breeding, foraging, and steal-
ing dung beetles.

3.1 Rolling dung beetles

When rolling a dung ball, a dung beetle relies
on the sun or other celestial cues to navigate along a
straight path. The selected rolling mode includes both
an unobstructed mode and an obstructed mode.

3.1.1 Accessibility model

Assuming that the light source intensity affects
the dung beetle path, the position of the rolling dung
beetle is updated during the rolling process, which is
expressed as

X, (t+1)=x,(t)+A4, k-x,(t-1)+A4,-Ax,

Ax=|x,(1)-X" &

>
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where ¢ denotes the current number of iterations, x,(¢)
denotes the location information of the i™ rolling
dung beetle at the " iteration, and ke(0, 0.2] denotes
the constant value of the deflection coefficient. 4,
represents a constant value within (0, 1), and the val-
ue of 4, (assigned as 1 or —1 with a specified proba-
bility) indicates whether the dung beetle deviates from
its path (4,=1 means no deviation and 4,=-1 means
deviation). X" denotes the global worst position, and
Ax simulates changes in illumination such that greater
illumination corresponds to the dung beetle being far-
ther from the light source.

3.1.2 Obstacle mode

The tangent function calculates a new rolling di-
rection and mimics the beetle dancing behavior, and
the position update formula for the rolling dung bee-
tle is given by

x (t+D=x, () +x (1)-x, (1= D-tan 6, (2)

where 0 is the angle of deflection associated with [0,
n], and |[x(f)—x(t+1)| represents the element-wise ab-
solute difference of vectors x(¢) and x,(¢+1). The posi-
tion of the rolling dung beetle is not updated when 6=
0, /2, or m.

3.2 Breeding dung beetles

A boundary selection strategy is proposed to
simulate dung beetle behavior in choosing a safe re-
gion to lay eggs, with the optimal spawning area de-
fined as

Lb*=max(X*-(1-R),Lb),

3)
Ub"=min( X"-(1+R), Ub),
where Lb" and Ub" represent the lower and upper
bounds of the optimal spawning region, respectively.
X" denotes the current local optimal position, and
R (R=1-4/T,

max

) is the nonlinear convergence factor
with T the maximum number of iterations. Lb and
Ub are the lower and upper bounds of the search
space, respectively. Specifically, the position update
of the breeding dung beetle is described as

B, (t+1)=X"+b,-(B,(1)-Lb" )+b,-( B,(1)-Ub"), (4)

where B(?) is the positional information of the i breed-
ing ball at the /" iteration, b, and b, are two independent
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random vectors of size 1xD, and D is the dimension
of the optimization problem.

3.3 Foraging dung beetles

In nature, dung beetles select safe foraging areas;
the boundaries of the optimal foraging area are de-
fined as

Lb"=max( X"-(1-R), Lb),

b { o (%)
Ub*=min( X"-(1+R), Ub),

where Lb® and Ub" represent the lower and upper
bounds of the optimal foraging area, respectively,
and X" represents the global optimal position. There-
fore, the location update information of the foraging
dung beetle is shown as

d,(t+1)=d,(t)+C,-(d,(t)-Lb")+C,-(d (t)-Ub"),

(6)
where d(t) denotes the location information of the i"
foraging dung beetle at the " iteration, C, denotes a
random number obeying a normal distribution, and C,

denotes a random vector, with all components of C,
belonging to (0, 1).

3.4 Stealing dung beetles

In nature, some dung beetles choose to steal dung
balls from other dung beetles, and the location update
of a stealing dung beetle is given by

B (t+1)=X"+S-g-(|h,(1)-X"

+h,(1)-X"

).

where h(t) denotes the location information of the

tth

i" stealing dung beetle at the /" iteration, g is a ran-

dom vector of size 1xD following a normal distribu-
tion, and S denotes a constant value.

4 Adaptive dung beetle optimizer

This paper proposes three improvement strate-
gies to further improve the DBO’s search performance.
4.1 Dynamic decay factor

The linear decay of the convergence factor with
iterations may imbalance global exploration and local
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exploitation, risking premature local optima and re-
ducing solution accuracy. To address this, a nonlinear
decay method dynamically adjusts the convergence
factor’s decay rate, prioritizing global exploration in
early iterations and local exploitation in later stages
to balance the optimization speed and quality. The
dynamic decay factor strategy is defined as

R,=R-exp(-G-1),
RIZR'CXP(_L'(t_P' Tmax))’
R,e[0.1,09],
R[0.1,0.9-exp(-L-P- T, )1,

)

where G and L are the decay rates for the global and
local search phases, respectively, and L=0.1. P is the
threshold between the global and local search phases.
R, and R, are the convergence factors for the global
and local search phases, respectively. If <P-T, .,
ADBO operates in the global search phase, and the
scope of the spawning and foraging areas is deter-

mined by R; otherwise, it is governed by R,.
4.2 Greedy difference optimization

In the algorithm’s stealing phase, position updates
based on the current optimal states accelerate global
convergence but reduce population diversity, risking
premature clustering at local optima and degrading the
solution quality. To address this, a greedy difference
optimization strategy enhances diversity by maintain-
ing efficient search and improving global exploration
to avoid premature convergence.

Inspired by DE and its variation/crossover oper-
ators, the greedy difference optimization strategy
(Fig. 1) enhances search flexibility via adaptive vari-
ation operators. During the stealing phase, three ran-
dom individuals undergo mutation to generate mu-
tants, which cross over with stealing dung beetles to
form hybrid individuals. Fitness values from the dif-
ferential optimization strategy (hybrids) are compared
with those from the original position update, and the
greedy rule retains individuals with superior fitness,
which is defined as

X, (+1)=X,()+M (X, ()-X,(1)), (9

where X/(t+1) is the current mutation vector of the i
stealing dung beetle, M is the mutation rate, «, 5, and
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Randomly select three individuals

T

Mutation

Thief
Population size N Py

\J

[} |}

Crossover

Fig. 1 Greedy difference optimization strategy

n are population-wide random numbers, and X (¢),
X(1), and X (7) represent the location information of
three individuals randomly selected from the popula-
tion at the /" iteration, respectively.

After mutation, a variable-wise dimensional cross-
over is performed on the target vector obj,(#+1): if
rand(-)<C (where C is the crossover rate) or j=randi(D),
the j" dimension (obj(¢+1, )) is replaced with the
corresponding dimension from the mutated vector
(X(#+1, j)), forming the differential optimization-based
objective vector. Subsequently, the fitness values of
individuals generated by the differential optimization
and original position update strategies are compared,
and the greedy rule retains the individuals with better
fitness.

4.3 Elastic annealing mechanism

To prevent premature local convergence, this
paper introduces an elastic annealing mechanism in-
spired by SA, mimicking metallic material annealing
(heating, holding, and controlled cooling) to balance
global exploration and local exploitation via adaptive
cooling rates. Unlike SA, it dynamically adjusts the
cooling rate: early-stage fast cooling allows for the
acceptance of suboptimal solutions to avoid local traps,
while late-stage slow cooling prioritizes refining opti-
mal solutions. Fig. 2 simulates the metal annealing
process—heating increases grain disorder and internal
energy, and slow cooling reorders grains to minimize
energy and stabilizes the material in its ground state
at room temperature.

1581

8B K

Fig. 2 Metal annealing model

The SA mechanism begins with a high initial
temperature and probabilistically accepts suboptimal
solutions as the temperature decreases, enabling a
random search in the solution space to escape local
optima and converge to the global optimum. This can
be illustrated by an analogy (Fig. 3): a drunk rabbit
(representing the algorithm) randomly explores the
mountain (solution space), occasionally moving to
higher elevations (better solutions) or local optima
(flatter areas), but as it sobers up (temperature drops),
it prioritizes higher ground, eventually reaching the
mountain top (global optimum). This highlights how
the algorithm balances exploration via probabilistic
acceptance at high temperatures with the exploitation
of better solutions during cooling to ensure global
convergence.

fob

pet

y

Fig. 3 Rabbit mountain climbing model

The elastic annealing mechanism dynamically
balances exploration and exploitation by using faster
temperature cooling in the early stages for global
search and slower cooling in the later stages for local
refinement. At the end of each iteration, three randomly
selected individuals undergo the strategy, with their
fitness compared to that of the annealed individuals;
a greedy rule retains those with better fitness, which
is expressed as

=1 (t)/T s 10
I(t+1)=1(t)(1-7), (10)
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where 7 denotes the adaptive annealing rate and /(¢)
represents the annealing temperature at the 7" iteration.

4.4 Algorithm description

ADBO initializes parameters and randomly ini-
tializes individual positions, updating dung beetle po-
sitions via steps 228, as shown in Algorithm 1. The

Algorithm 1 ADBO

Input: Maximum number of iterations 7, , population size
N, and dimension D.

Output: Global optimal position X" and optimal fitness value f;.

1: Initialize the positions of the dung beetles
2: While 2<<7T,, do
3:  Calculate the current best position and its fitness
4: Fori=1: Ndo
S: if i is a rolling dung beetle then
6: a,=rand(-)
7 if @,<0.9 then
8 Update the rolling dung beetle position by Eq. (1)
9: else
10: Update position by Eq. (2)
11: end if
12: end if
13: Nonlinear convergence factors are calculated by Eq. (8)

14: if 7 is a breeding dung beetle then

15: Update the breeding dung beetle position by
Egs. (3) and (4)

16: end if

17: if i is a foraging dung beetle then

18: Update the foraging dung beetle position by
Eqgs. (5) and (6)

19: end if

20: if i is a stealing dung beetle then

21: Update the stealing dung beetle position by Eq. (7)

22: First, a differential optimization strategy is
applied to the rogue beetle individuals, and then
the greedy rule is used to compare them with the
original individuals to retain the dominant

individuals.
23: end if
24:  end for

25:  Three individuals are randomly selected from the
population for the elastic annealing mechanism,
and greedy selection is used to retain the dominant
individuals.

26:  Update the optimal position and its fitness

27:  t=t+l

28: end while

29: Return the global optimal position X" and its fitness

value f,
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key steps include step 13 with nonlinear convergence
factors to balance global/local search, step 22 with a
greedy difference optimization strategy to boost diver-
sity, and step 25 with an elastic annealing mechanism
to avoid local optima. The algorithm outputs the global
optimal position X* and optimal fitness value £, after
optimization.

Fig. 4 illustrates the flowchart of ADBO, and
Table 1 presents the specific value ranges of various
parameters in ADBO.

Initialize parameters|
and positions

l Calculate R by
Evaluate the fitness Eq. (8)
of positions l

Update rolling dung
beetle position

l

Update breeding and foraging
dung beetle positions

No l

t>Ta?
Update stealing dung beetle
position and use the greedy
Yes difference optimization
strategy
Return the global optimal l

position and its fitness value | Perform the elastic |

annealing mechanism

Fig. 4 Flowchart of ADBO

4.5 Time complexity analysis

Assuming a population size of N (with N/5+1
stealing dung beetles), a variable dimension D, and a
maximum number of iterations 7,,., the DBO algo-
rithm has a complexity of O(N). For ADBO, time
complexity analysis from its pseudocode results in
contributions from two main steps: (1) position up-
dates via variation and crossover operators for stealing
dung beetles, with complexity O(N/5+1)T,..); (2) an-
nealing variation for three randomly selected indivi-
duals, with complexity O(37T,,,). Combining these, the
overall complexity of ADBO is O(N)+O(N/5+1)T,,,.)-
Despite this, ADBO maintains an overall time com-

ax.

plexity comparable to that of the original algorithm
(O(N)) while demonstrating superior performance.
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Table 1 ADBO parameter settings

Parameter type Parameter Description Range
User-defined parameters N Population size (typically a multiple of 5)
T, Maximum number of iterations
D Dimension
Custom parameters G Decay rate for the global search phase Ge[0.02, 0.04]
P Threshold between the global and local search phases Pe[0.55, 0.75]
M Mutation rate Me[0.7,0.9]
C Crossover rate Ce[0.8, 1.1]
1 Initial annealing temperature 1€]2, 9]

5 Experimental results and analysis

5.1 Configuration of the experimental environment

To ensure the rigor and fairness of the experiment,
the following hardware and software environment was
used:

Processor: Intel® Core™ i5-1035G1 CPU @1.00 GHz
1.19 GHz.

Memory: 8 GB 3733 MHz.

Graphics: NVIDIA GeForce MX250.

Simulation: MATLAB R2022b.

Operating system: Windows 10 (64-bit).

5.2 Experimental parameter settings

To evaluate the performance of ADBO, this
paper compares ADBO with 12 algorithms on 41 test
functions from the CEC 2017 and 2022 benchmark
sets. The experiments use uniform parameter settings:
a population size of 30, a maximum number of 500 iter-
ations, and 100 independent runs per function. The
mean, standard deviation, and ranking of the solution
results for each test function are recorded, ensuring fair
comparisons under identical initial conditions to en-
hance the experimental reliability and repeatability.

A total of 12 algorithms are compared with
ADBO, including the particle swarm optimization
(PSO) (Kennedy and Eberhart, 1995), the grey wolf
optimizer (GWO) (Mirjalili et al., 2014), the horned liz-
ard optimization algorithm (HLOA) (Peraza-Vazquez
et al., 2024), the whale optimization algorithm (WOA)
(Mirjalili and Lewis, 2016), the fireworks algorithm
(FWA) (Tan and Zhu, 2010), the Harris hawks opti-
mization (HHO) (Heidari et al., 2019), the coati opti-
mization algorithm (COA) (Dehghani et al., 2023),

the ant nesting algorithm (ANA) (Hama Rashid et al.,
2021), the greylag goose optimization (GGO) (EI-
Kenawy et al., 2024), the fire hawk optimizer (FHO)
(Azizi et al., 2023), the GOOSE algorithm (GOOSE)
(Hamad and Rashid, 2024), and DBO. The parameter
settings for these comparison algorithms are presented
in Table 2. The specific configurations of benchmark
functions and comparison algorithms are as follows:

1. The comparison algorithms for the CEC 2017
benchmark functions include HLOA, WOA, FWA,
HHO, COA, DBO, ANA, GGO, FHO, and GOOSE.

2. For the CEC 2022 benchmark functions, PSO,
GWO, WOA, HHO, COA, DBO, ANA, GGO, FHO,
and GOOSE are selected for comparison.

3. The Wilcoxon rank sum test and Friedman
test are performed on FWA, WOA, GWO, HHO, COA,
DBO, HLOA, ANA, GGO, FHO, and GOOSE.

Table 2 Parameter settings for 12 algorithms

Algorithm
PSO

Parameter(s)

The inertia weight reduces linearly from 0.9 to
0.1, and n,=n,=2

GWO The convergence factor is linearly decreasing
from 2 to 0 during iterations

HLOA  g=rand(")

WOA Y=2(1-4/T,,)

FWA Er=5, En=6, Mr=5, a=0.3, br=0.6

HHO Ee[-1, 1], Js=2(1-rand("))

COA I,=round(1+rand(1, 1))

DBO k,=0.1,4,=0.3, §=0.5

ANA PH=0.95

FHO Ir=unifrnd(0, 1, 1, 2)

GGO Z=1-(4T,,)’, A=2v-rand(-)-v
GOOSE  alpha=2-#/(T,,,./2)

SW=randi([5, 25], 1, 1)
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1. In PSO, n, and n, are the individual and so-
cial learning factors, respectively.

2. HLOA uses a random number in (0, 1) to
model the stochastic behavior of horned lizard target
attacks.

3. In WOA, Y is a linearly decreasing factor that
defines the algorithm’s search range.

4. FWA includes the explosion radius (Er), ex-
plosion count (En), variable sparks (Mr), and explo-
sion limit factors (a and br).

5.In HHO, E is a random number in [-1, 1], rep-
resenting prey escape strength, and Js is the jump
strength.

6. In COA, I, is randomly generated.

7. In DBO, £k, is the deflection coefficient con-
stant, which falls within (0, 0.2], 4, represents a con-
stant value within (0, 1), and S denotes a constant
value.

8. In ANA, PH, is the pheromone decay rate.

9. In FHO, Ir is a randomly generated value in-
fluencing Firechawk behavior (e.g., attractiveness, step
size, and movement control).

10. In GGO, Z decays exponentially, v decreases
linearly from 2 to 0, and A4 is the scaling factor for
the leader’s solution.

11. In GOOSE, alpha falls within (0, 2) and de-
creases significantly with each iteration, and the stone
weight SW ranges from 5 g to 25 g.

To ensure fairness, all parameters of the above
algorithms, except the random ones, are configured
using default settings from the original literature.

5.3 Orthogonal experiments

In this paper, the L,,(3°) orthogonal table was
used to design orthogonal experiments for investigat-
ing the effects of the following six factors on re-
sponse variables: decay rate for the global search phase
(G), threshold between the global and local search
phases (P), mutation rate (M), crossover rate (C), ini-
tial annealing temperature (/), and number of itera-
tions in the annealing phase (7). Systematic factor
settings enable detailed analysis of their impacts on
response variables, facilitating the search for optimal
factor combinations to achieve research objectives. The
response variables represent experimental outputs in-
fluenced by these factors, with the aim of identifying
the factor sets that significantly affect them to optimize
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the experimental design for optimal results. A series
of trials was conducted following the orthogonal table
design, recording factor level combinations and cor-
responding response variables in each trial, as detailed
in Table 3.

Table 3 Orthogonal experimental design table

Group G P M C ! T Average
1 002 055 07 08 2 10 1636.67
2 002 065 08 09 5 15 1631.82
3 0.02 0.75 09 1.1 9 20 1631.55
4 003 055 08 09 2 15 1632.53
5 0.03 0.65 09 .1 5 20 1628.72
6 0.03 0.75 07 .. 9 10 1630.60
7 0.04 055 09 .15 15 1628.70
8 004 065 07 08 9 20 1627.23
9 004 075 08 09 2 10 1633.48

10 002 065 07 09 5 20 1629.28
11 0.02 0.75 0.8 1.1 9 10 1628.89
12 002 055 09 08 2 15 1650.09
13 003 075 07 09 9 20 1628.94
14 0.03 055 038 T s 10 1631.64
15 003 065 09 08 9 15 164281
16 004 055 07 09 5 20 1630.60
17 0.04 0.65 038 1.1 9 15 1628.97
18 004 075 09 08 2 10 1650.30
19 0.02 0.55 038 .1 9 15 1631.28
20 002 065 09 08 2 10 1643.18
21 002 075 07 09 5 20 1632.11
22 0.03 055 09 .1 9 10 1633.18
23 003 065 07 08 2 15 1633.13
24 003 075 08 09 5 20 1632.06
25 0.04 0.55 0.7 1.1 9 15 1633.67
26 004 065 08 08 2 20 163533
27 0.04 0.75 09 1.1 5 10 1632.63

This orthogonal experiment was conducted on
12 CEC 2022 benchmark test functions, each running
in 30 repeated loops. The optimal values from each
run were averaged; these averages were further aver-
aged to yield the final results. Table 3 shows that
Group 8 produced the best results; thus, the factor
levels used in Group 8 were adopted as the final pa-
rameter values in the experiment.

5.4 Ablation experiments

Ablation experiments are used to assess the im-
pact of the dynamic decay factor strategy, greedy dif-
ference optimization strategy, and elastic annealing
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mechanism on the overall performance of DBO. ADBO
is compared with DBO, incorporating these three
strategies to verify their effectiveness and stability.
We conduct 30 independent trials on 12 functions
from the CEC 2022 benchmark set, record the opti-
mal values achieved by each algorithm for each func-
tion, and calculate the mean and variance for statisti-
cal analysis and comparison. Additionally, convergence
curves are plotted for all algorithms across different
functions (Fig. S1 in the supplementary materials) to
enable comprehensive performance evaluation, with
detailed results presented in Table 4.

Table 4 Ablation experimental results

Optimal value

Fun Metric
DBO AD AG AE ADBO
Fl1 Ave 2167.65 1193.74 479.76 314.99 300.02
Std  1216.87 787.02 179.95  30.80 0.04
F2  Ave 413.61 41035 40826 404.54 403.40
Std 18.58  13.59 3.21 1.42 1.72
F3  Ave 600.43 600.19 600.00 600.03 600.00
Std 0.76 0.48 0.00 0.05 0.00
F4 Ave 833.26 829.15 829.06 815.87 814.13
Std 7.09 8.86 9.46 4.06 4.00
F5 Ave 90242 901.86 900.13 900.06 900.01
Std 3.55 2.43 0.35 0.07 0.04
F6  Ave 6117.12 4947.05 2058.45 6018.70 1822.60

Std  3673.38 2318.55 1122.88 2339.42 8.91

F7  Ave 2025.83 2024.84 2020.38 2021.53 2014.33
Std 10.03 4.79 5.64 6.25 8.42
F8  Ave 222799 2226.70 222231 2222.70 2216.36
Std 3.27 5.28 7.48 5.66 6.66
F9  Ave 253421 2534.20 2534.18 2492.98 2492.64
Std 26.82 26.82  26.83 1.89 1.18
F10 Ave 2568.85 2562.51 2550.04 2548.81 2544.97
Std 61.12 5920 58.01 5638  55.63
F11  Ave 2645.13 2643.77 2618.35 2600.00 2600.00
Std 70.12 107.52  77.13 0.00 0.00
F12 Ave 2868.00 2865.62 2863.93 2856.56 2856.14
Std 10.90 5.01 1.76 1.40 1.39

Fun: function; AD: the dynamic decay factor strategy; AG: greedy
difference optimization strategy; AE: elastic annealing mechanism;
Ave: average; Std: standard deviation

The experimental results demonstrate that algo-
rithms combining the dynamic decay factor strategy,
greedy difference optimization strategy, or elastic
annealing mechanism outperform DBO. Compared
to DBO, these fused algorithms exhibit superior
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performance on specific metrics, with enhanced effi-
ciency and stability. Furthermore, ADBO, which inte-
grates all three strategies simultaneously, significantly
outperforms algorithms that incorporate only one strat-
egy. These ablation experimental results confirm the
effectiveness and stability of the three proposed im-
provement strategies.

5.5 Analysis of the results for the CEC 2017
benchmark functions

5.5.1 Analysis of CEC 2017 data

We selected 29 single-objective test functions
from the CEC 2017 test suite (excluding F2 due to
uncontrollable factors) for validation. Each experi-
ment involved 100 independent runs to compare the
optimization performance and evaluate ADBO scal-
ability in 10-dimensional (10D), 30-dimensional (30D),
50-dimensional (50D), and 100-dimensional (100D)
spaces. The performance was quantified using three
metrics—mean, standard deviation, and average rank—
to enable thorough analysis of each algorithm’s be-
havior across different dimensional spaces. Experimen-
tal results for all algorithms on the CEC 2017 test set
across these dimensions are shown in Tables S1-S4
in the supplementary materials.

ADBO excels in solving the single-peak problem
(F1), consistently outperforming other algorithms in
10D, 30D, 50D, and 100D spaces by achieving mini-
mal variance and optimal values in all cases.

ADBO generally outperforms the other algo-
rithms in the simple multimodal problem experiments
(F3-F10). For F3, ADBO converges more slowly in
30D and 100D spaces (underperforming HLOA/COA)
but remains competitive in the 50D space and achieves
the global optimum in the 10D space. For F4-F8,
ADBO significantly surpasses the others in conver-
gence speed and accuracy, consistently obtaining opti-
mal solutions. For F9 and F10, the convergence speed
of GOOSE slightly outperforms that of ADBO in
the 100D space, while ADBO dominates in low-to-
medium dimensions.

In hybrid problem experiments (F11-F20), ADBO
outperforms other algorithms in 10D, 30D, and 100D
spaces by rapidly converging to global optima with
low variance and stable results. While it is slightly
less effective than DBO on F13/F15 in the 50D space,



1586

ADBO remains robust in handling complex hybrid
problems.

ADBO excels on composite functions (F23—F29),
rapidly converging to optimal results in four different
dimensional spaces via its elastic annealing mecha-
nism, which enhances escape from local optima. De-
spite being slightly outperformed by GOOSE and
DBO in 30D and 100D F22 cases and marginally lag-
ging DBO in 50D F30 cases, ADBO remains highly
competitive in most scenarios.

Overall, ADBO demonstrates robust performance
in handling diverse complex problems, particularly
multidimensional ones, affirming its potential as a ro-
bust optimization algorithm.

5.5.2 CEC 2017 convergence curve analysis

Fig. S2 in the supplementary materials shows
the average rank of all algorithms on 30D and 100D
CEC 2017 test sets, with ADBO achieving the best
average rank and thus demonstrating superior overall
performance compared to the other algorithms. Fig. 5
illustrates the convergence curves of different algo-
rithms on F1 and F3-F29 in 10D, 30D, 50D, and 100D
spaces. ADBO excels on single-peak and simple multi-
peak functions, rapidly converging to near-global op-
tima and highlighting its efficient solution space ex-
ploration and ability to approach global optima quickly.
While DBO and ADBO exhibit similar performance
on F27 and F29 for composite functions, ADBO main-
tains superior competitiveness in most experiments.
Overall, the fast convergence, efficient search, and
adaptability of ADBO underscore its competitiveness
across diverse complex optimization problems.

5.6 Analysis of the results for the CEC 2022
benchmark functions

5.6.1 Analysis of CEC 2022 data

CEC 2022 includes 12 single-objective test func-
tions. The experimental results of all algorithms on
10D and 20-dimensional (20D) CEC 2022 benchmark
test sets are shown in Tables S5 and S6 in the supple-
mentary materials.

For the single-peak function F1, ADBO signifi-
cantly outperforms the other algorithms in the 10D
space, converging to the function’s optimal value, while
the other algorithms fail to achieve comparable accu-
racy. While PSO converges better than ADBO on F1
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and F4 in the 20D space, ADBO is more efficient and
accurate in lower-dimensional optimization. For the
basic functions F2-F5, ADBO demonstrates rapid
convergence to optimal solutions, exhibiting excellent
optimization performance.

ADBO excels in hybrid function experiments.
For F6, ADBO escapes local optima and converges to
the optimal neighborhood in the 10D space, demon-
strating robust global search capabilities. While GOOSE
slightly outperforms ADBO in finding optimal solu-
tions in the 20D space, the margin is minimal, and
ADBO still efficiently explores the solution space to
identify high-quality solutions.

For the composite functions F9-F12, ADBO ex-
hibits an optimization capability comparable to that
of other algorithms but with significantly higher con-
vergence speed and higher solution quality in global
optimum achievement.

5.6.2 CEC 2022 convergence curve analysis

Fig. S3 in the supplementary materials presents
the average rank of all algorithms on 10D and 20D
CEC 2022 test sets. ADBO achieves the best average
rank across all functions in the 10D space, demon-
strating superior optimization performance. In the
20D space, ADBO maintains strong performance with
excellent average ranks, highlighting its adaptability
to multidimensional problems.

Fig. 6 presents the convergence curves of differ-
ent algorithms in 10D and 20D spaces. All algorithms
converge rapidly to global optima with high accuracy
and robustness. For the composite function F11, DBO
and ADBO exhibit comparable convergence speeds
and accuracies, indicating similar optimization capa-
bilities. However, results show that ADBO slightly
outperforms DBO in terms of search capability, en-
abling higher-quality solutions for certain composite
functions and demonstrating superiority in complex
optimization tasks.

5.7 Wilcoxon rank sum test

To validate ADBO’s effectiveness, Wilcoxon rank
sum tests were used to assess statistical differences
between ADBO and other algorithms on 10D and
20D CEC 2022 test sets and 30D and 100D CEC
2017 test sets (significance level ,=0.05, 30 indepen-
dent runs). The results report p-values, with “+/-/="
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Fig. 5 Convergence curves of different algorithms on the CEC 2017 test set (F1 and F3-F29). F1 and F3-F8, F9-F15, F16—
F22, and F23-F29 were conducted in 10D, 30D, 50D, and 100D spaces, respectively

indicating the ADBO performance frequency relative 20D, 30D, and 100D), ADBO exhibits higher medi-
to the others. Most p-values <0.05 confirm signifi- an values with narrower interquartile ranges, indi-
cant performance differences, validating ADBO’s su-  cating reliable near-optimal solutions. Compared to
perior convergence. The detailed results are presented  other algorithms, ADBO shows smaller variation,
in Tables S7-S10 in the supplementary materials. highlighting its superior stability and reduced per-

Figs. 7 and 8 display box plots for the CEC  formance variability. Fewer outliers demonstrate its
2022 (F1-F12) and CEC 2017 (12 functions) test sets,  ability to avoid suboptimal solutions, ensuring result
respectively. Across all dimensional spaces (10D, reliability.
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Fig. 6 Convergence curves of different algorithms on different CEC 2022 test sets: (a) F1; (b) F2; (¢) F3; (d) F4; (e) F5;
() Fo6; (g) F7; (h) F8; (i) F9; (j) F10; (k) F11; (1) F12. (a)—(f) and (g)—(1) were conducted in 10D and 20D spaces, respectively

Tables S7 and S8 in the supplementary materi-
als show that ADBO outperforms the compared algo-
rithms in 10D and 20D spaces, with only minor dif-
ferences from GWO on one specific function.

Tables S9 and S10 further indicate that while
DBO outperforms ADBO on select functions, ADBO
leads across most functions. Emerging algorithms, such
as HLOA, FHO, and GOOSE, outperform ADBO on
specific functions, but these advantages are not uni-
versal. Conversely, ADBO exhibits consistent stability
and superior global search capabilities across diverse
conditions.

5.8 Friedman test

The Friedman test, a non-parametric method
for comparing multiple algorithms, was applied to
evaluate ADBO against other algorithms on 30D
and 100D CEC 2017 test sets and 10D and 20D CEC
2022 test sets (Fig. 9). The results reveal that ADBO

achieves the best average rank, outperforming the
competitors and validating the improved algorithm’s
effectiveness.

The experimental results presented in Tables S11
and S12 in the supplementary materials show that
ADBO achieves the best average rank in 10D/20D
CEC 2022 and 30D CEC 2017 test sets, demonstrat-
ing its superior robustness. While HHO achieves the
best average rank in CEC 2017 100D, ADBO main-
tains high rankings in test sets and dimensions, un-
derscoring its overall superiority in multidimensional
optimization.

Based on the experimental verification of ADBO’s
optimization performance, we further analyze its the-
oretical complexity against 12 comparative algorithms
to comprehensively evaluate the technical practicabil-
ity. The algorithm’s performance not only depends
on the optimization ability but also needs to take into
account the computational efficiency, and the time
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complexity of ADBO is O(N-D-T), which is consis-
tent with most of the classical algorithms, such as
DBO, PSO, GWO, HLOA, WOA, ANA, GGO, and
GOOSE, indicating that the computational cost of ADBO
is comparable to that of mainstream algorithms.

The complexity of some algorithms varies. The
complexity of FWA is increased to O(N- (M +K)-D-T)
due to the need to compute the exploding spark (M)
and the mutating spark (K), which significantly in-
creases the computational cost in high-dimensional
scenarios. The complexity of HHO is O(N- (T+T-D+
1)), that of COA is O(N-D-(1+57/2)), and that of FHO
is O3N-D-T). These complexities can be significantly
greater than those of ADBO when the number of iter-
ations or the problem dimension is large.

In summary, ADBO exhibits better optimization
performance while maintaining computational effi-
ciency comparable to that of the classical algorithms,
achieving a balance between efficiency and accuracy
and possessing stronger engineering practicality.

6 Optimization of Reed—Muller logic circuits

While most integrated circuit (IC) designs rely on
Boolean logic with established automated methods,
RM logic offers superior performance for specific
circuits, significantly reducing their size and power
consumption while shortening their runtime compared
to Boolean logic (Romanov, 2024).
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6.1 Background

Area optimization is critical in IC design, where
XNOR/OR and XOR/AND RM logics yield more
compact circuits than Boolean logic, reducing the
gate count and circuit area. The polarity of RM logic
circuits significantly impacts complexity. Exhaus-
tive search is feasible only for small-to-medium cir-
cuits due to the exponential growth of the polarity
space in large designs. Swarm intelligence algorithms,
such as GA, the binary adaptive bacterial foraging
algorithm (BABFA) (Zhou et al., 2021), and the
multi-strategy wolf pack algorithm (MWPA) (Zhou
et al., 2023), address this issue by enabling a global

search for optimal polarities in high-dimensional
spaces.

This paper experimentally evaluates eight algo-
rithms (PSO, DE, GWO, GOOSE, ANA, GGO, FHO,
ADBO) on MCNC benchmark circuits to assess their
effectiveness in RM logic area optimization under
fixed and mixed polarities. The experimental settings
include a population size of 30, 10 independent runs,
and a maximum number of 50 iterations.

6.2 XNOR/OR-based FPRM circuit area optimization

Any logic function with n variables corresponds
to 2" different polarity expansions. The FPRM circuit
based on the XNOR/OR expression is defined as
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O Tw+s)), (11)

where O [] denotes the same-or operation, s, is the
contingency term, and d,e{0, 1}. When d, is equal to

«th <

0, it means that the i “or” term in the expansion ex-

ists; otherwise, the i™ “or” term does not exist. The
fitness function of the FPRM circuit based on XNOR/
OR area optimization can be expressed in terms of the

circuit area model, which is shown as

(12)

Table S13 in the supplementary materials shows
the FPRM circuit area optimization results, with con-
vergence curves in Fig. 10. ADBO identifies optimal
area solutions for most circuits, while FHO matches
performance only in brl and br2. In brl, br2, t3, amd,
and mp2d, ADBO achieves zero variance alongside
optimal polarity discovery, demonstrating robust sta-
bility for engineering applications. Fig. 11 ranks ADBO
first across all 11 XNOR/OR-based FPRM circuits,
confirming its superior search capability, stability, and
accuracy in complex optimization tasks.

6.3 XOR/AND-based MPRM circuit area optimization

The expansion of the MPRM circuit based on
XOR/AND consists of multiple multi-input different-or

terms and “and” terms. Any Boolean logic circuit with
n input variables corresponds to 3" different polarities,
each corresponding to a unique MPRM logic expan-
sion. The MPRM circuit based on XOR/AND expres-
sion is defined as

~o[bm. (13)

where @ J] denotes the different-or operation, =,
stands for the “and” term, b, is the coefficient of the
“and” term, and be {0, 1}. If b, is equal to O, it

means that the i

otherwise, the i" “and” term does not exist.
The fitness function of the MPRM circuit based

on XOR/AND area optimization can be expressed in

and” term in the expansion exists;

terms of the circuit area model, which is shown as

Ayprn=AC anp T xor (14)
where C,,, and Cy, represent the costs of two-input
terms and dissimilarity items, respectively, and 4 and
1 denote their respective quantities, with C,n=Cxor=1-

Table S14 in the supplementary materials pres-
ents XOR/AND-based area optimization results for
MPRM circuits, with convergence curves presented
in Fig. 12. ADBO outperforms other algorithms in
most circuits, identifying the optimal polarity, be-
sides the newapla circuit, where GGO slightly sur-
passes it. Fig. 12 shows that ADBO demonstrates su-
perior convergence to optimal values in the apla, exps,
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Fig. 10 Convergence curves of different XNOR/OR-based FPRM circuits: (a) br1; (b) t3; (¢) amd; (d) misex3; (e) mp2d;
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Fig. 11 Ranking result of eight algorithms in 11 XNOR/

OR-based FPRM circuits

br2, misex3, and table3 circuits. Fig. 13 presents the
average rank of ADBO against other algorithms across
all circuits, with ADBO ranking first overall, validat-
ing its search efficiency and stability.

7 Conclusions

This paper presents ADBO, an improved algo-
rithm with three key enhancements: dynamic adjust-
ment of the convergence factor to balance global
search and local exploitation, a greedy difference op-
timization strategy to increase population diversity
and global search while mitigating premature conver-
gence, and an elastic annealing mechanism to escape
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Fig. 13 Ranking result of eight algorithms in 15 XOR/
AND-based MPRM circuits

local optima via solution—position perturbation, boost-
ing optimization stability.

The performance of ADBO is evaluated on the
CEC 2017 benchmark sets (29 functions in 10D/30D/
50D/100D spaces) and the CEC 2022 benchmark sets

(12 functions in 10D/20D spaces), with results ana-
lyzed via the Wilcoxon rank sum test and the Fried-
man test. ADBO statistically outperforms 12 state-
of-the-art algorithms—PSO, HLOA, FWA, WOA,
HHO, COA, ANA, FHO, GGO, GOOSE, DBO, and
GWO.

The experimental results demonstrate that ADBO
effectively balances global and local search, avoids
local optima, and delivers significant improvements
across benchmark suites. When applied to the area
optimization of 11 FPRM circuits and 15 MPRM cir-
cuits (MCNC benchmarks), ADBO rapidly identifies
optimal polarities, outperforming traditional algorithms
in terms of efficiency. Its robust global search and
precise local exploitation confer high practical value
for complex circuit design, offering efficient and reli-
able optimization solutions.
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