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Abstract: High-dimensional optimization problems face challenges from exponentially expanding 
search spaces and deceptive local optima resisting metaheuristics. In order to address these issues, a 
reinforcement learning-guided Animated Oat Optimization Algorithm with a dynamic niching strategy, 
called RLDN-AOO, is proposed in this research. RLDN-AOO offers the following major novelties: i) 
a mathematically formulated three-state dynamic niching mechanism that adaptively partitions the 
population, preserves diversity, and enhances the algorithm’s ability to escape local optima, and ii) a 
reinforcement learning strategy selection mechanism is proposed to address the issue of the algorithm’s 
inadequate dynamic adaptability. We compared it with state-of-the-art algorithms (CEC2017, Dim = 
50, 100, 200, 500), including LSHADE-SPACMA, CMA-ES variants, and RL-based optimizers. In 
addition, we applied it in the optimization of BP neural networks. Experimental results showed that 
RLDN-AOO achieves competitive performance across most benchmarks and, in some cases, performs 
comparably to LSHADE-SPACMA variants. The source code of RLDN-AOO is openly accessible via 
https://github.com/robingit77/RLDN-AOO. 
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1. Introduction 

High-dimensional optimization (HDO) problems are very common in practical production and 
applications, such as robot path planning [1], reinforcement learning training acceleration [2], feature 
selection [3], and discontinuous maneuver trajectory prediction [4]. Beyond these applications, HDO 
also arises in the numerical simulation of complex physical phenomena, such as sub-diffusion 
equations on distorted meshes [5], where high-order compact or structure-preserving schemes have 
been developed to handle computational challenges. These examples further demonstrate the 
fundamental importance of efficient and scalable methods for high-dimensional problems. 

Compared with low-dimensional problems, the intrinsic characteristics of HDO change greatly [6], 
which causes two core challenges: first, the search space increases exponentially with the number of 
decision variables [7], which makes optimization difficult. Second, the objective functions of high-
dimensional problems are often deceptive; they contain multiple local optimal regions [8], and the 
objective values at these local optima may be close to, or even better than, the projection of the global 
optimum in certain subspaces. 

Metaheuristic algorithms are a class of commonly used algorithms for solving complex 
optimization problems [9,10]. For example, the Secretary Bird Optimization Algorithm (SBOA) [11] 
can be applied to global optimization problems and other real-world engineering design problems. 
However, they face the curse of dimensionality and premature convergence problems in high-
dimensional scenarios [7,12]. The currently leading Animated Oat Optimization algorithm (AOO) [13] 
outperforms the Particle Swarm Optimization (PSO) [14] by 20%–30% in the 30-dimensional 
CEC2022 benchmark test, but its accuracy is still significantly reduced in the space of more than 100 
dimensions due to the loss of population diversity in the later stage. This is a common challenge faced 
by most metaheuristics [12]. 

In response to the above challenges, researchers have proposed a variety of improvement 
strategies, such as precise elimination and generation mechanisms (mLSHADE-SPACMA) [15] and a 
mechanism for determining the effectiveness of element-wise SNR estimation based on covariance 
matrix eigenvector direction (LRA-CMA-ES) [16], among others. Although these improvements have 
enhanced performance to a certain extent, they lack the ability to automatically adjust and adapt. 
Reinforcement learning (RL), with its agent–environment interaction framework that triggers strong 
reasoning ability [17], offers dynamic strategy adaptation. Y. Zhang et al. [18] incorporated RL 
modification factors and historical population transfer/feedback operators to develop RLNNA, an RL-
enhanced neural network algorithm (NNA) for photovoltaic model parameter extraction. Wu et al. [19] 
proposed the RLTLBO algorithm, which integrates Q-learning into the teaching–learning-based 
optimization (TLBO) framework. 

This study bridges these gaps by proposing a reinforcement learning-guided Animated Oat 
Optimization Algorithm with dynamic niching (RLDN-AOO): 

• Reinforcement learning–driven dynamic strategy: As a reinforcement learning–based model, 
the multi-armed bandit is introduced to optimize the HDO problems. It explores and adjusts weights 
in real time, helping to overcome the high computational complexity found in traditional Q-learning 
and similar methods.  
• Adaptive basic algorithm selection: AOO is used as the optimization framework, and its unique 

adaptive balance mechanism is used to alleviate the high-dimensional degradation problem. 
• Dynamic niching enhancement: A three-state niche strategy is designed to maintain population 
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diversity while avoiding the parameter ossification problem of the traditional niching method. 
The rest of this article is arranged as follows. Section 2 reviews reinforcement learning and the 

Animated Oat Optimization Algorithm, and identifies the corresponding research gaps. In Section 3, 
the RLDN-AOO algorithm is described in detail. In Section 4, the performance of the algorithm in 
CEC2017 high-dimensional experiments is shown and discussed. Section 5 provides a conclusion and 
future direction. 

2. Related work 

2.1. Reinforcement learning 

Reinforcement learning, a key approach in machine learning, allows agents to discover how to 
map states to actions through continuous interaction with the environment, relying on trial and error 
to optimize long-term cumulative rewards [20]. Typical RL methods (such as Q-learning) have been 
successfully applied to improve metaheuristic algorithms. In their work, Ding et al. [21] presented a 
novel asynchronous reinforcement learning approach, termed APSO-BQSA, which combines the 
Sarsa algorithm with backward Q-learning and asynchronous particle swarm optimization. Similarly, 
Jiao et al. [22] proposed OVEA, an evolutionary framework for multi-objective optimization that 
incorporates adaptive operator selection and reference vectors, where Q-learning is employed to 
dynamically determine the optimal crossover operator based on offspring performance. However, these 
methods rely on complex state-action space modeling, which has defects such as large computational 
overhead and parameter tuning relying on experience. 

The multi-armed bandit (MAB) problem [23] is a basic framework in the field of RL and online 
decision-making. It simplifies the trade-off between exploration and development into a serialized 
“rocker” selection problem, which is lighter than Q-learning. Classical MAB algorithms such as Upper 
Confidence Bound (UCB) [23] and Thompson Sampling [24] can achieve regret close to the theoretical 
lower limit through lightweight calculation. 

2.2. Algorithm selection and enhancement 

Choosing a suitable algorithm framework is a key point to solving HDO. Zhang et al. [25] 
proposed the merged biogeography-based optimization (EMBBO) algorithm and demonstrated its 
superior optimization efficiency against numerous state-of-the-art algorithms. Lyu et al. [26] improved 
the Marine Predators Algorithm (MPA) [27] with adaptive parameters and proposed the MMPA. Based 
on the Whale Optimization Algorithm (WOA) [28], Zhang et al. [29] proposed a hybrid WOA with 
gathering strategies (HWOAG), which performs well on high-dimensional optimized clustering 
datasets. Building upon the Differential Evolution (DE) [30] algorithm, Li et al. [31] presented a 
niching-based adaptive differential evolution (DADE) algorithm centered around diversity and utilized 
it for multimodal optimization problems. 

AOO, a new plant-inspired optimization algorithm proposed by Wang et al. [13] in 2025, has 
unique biological inspiration and efficient optimization performance. Its inspiration comes from the 
adaptive propagation mechanism of the animated oat. An optimization framework with both 
exploration and exploitation capabilities is constructed by simulating the behavior of seeds in the 
natural environment. 
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Each seed has its own characteristics during dispersal, which are calculated as Eq (1): 
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In the equation, m , L , and e  are static attributes of the seed, representing the seed’s quality, 
the length of the main awn, and the eccentric rotation coefficient, respectively. These parameters 
abstract the seed’s initial characteristics and consistently influence the particle’s movement throughout 
the optimization process. The random number r [0,1]  is cleverly introduced to introduce dispersion, 
while the dimension dim   and the population size  N   assign distinct initial weights to particles 
across different dimensions and populations. The parameter c  is a dynamic factor that adaptively 
adjusts the seed’s step size based on the ratio of the current iteration t  to the maximum number of 
iterations T . 

The exploration stage simulates the process of random seed dispersal through the medium of wind, 
water, and animals, and is explored using random perturbations. The specific formulas are as follows: 

dim(2 1) UBcW r


                                (2) 

1
1

1

1

1( ) ( ) ,    mod( , /10) 0,

( ) ,                mod( , /10) 1,
( ) ( ) ,              .

N

t t
i

t best

t t

X i X i W if i N
N

X i X W if i N
X i X i W else









   

   
  

                  (3) 

The most critical component in the above formulation is the step size W , which is adjusted 
using the dynamic factor c , the dim-dimensional random number dimr , and the upper bound UB . 
This mechanism allows the step size to adapt to different dimensions and boundary ranges. As 
shown in Eq (3), the particle’s position is updated with offsets based on its mean, optimal, and 
original positions. 

The exploitation phase is divided into two cases, corresponding to movement strategies with and 
without obstacles, as follows: 

Moisture-absorbing rolling (without obstacles): Based on the humidity-responsive deformation 
of the moisture-absorbing awns, local fine search is achieved by an eccentric rotation model. The 
specific formulas are defined as follows: 

sin(2 )UB t rA UB
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( ) (dim)t best bestX i X R c Levy X                         (8) 

Energy ejection (encountering obstacles): Simulate the energy storage and release of seeds when 
encountering obstacles and jump out of the local extremes through the projectile motion model. The 
formulas are defined as follows: 

cos(2 )UB t rB UB
T

   
                          (9) 

'

d

0.5 0.5

3
i

1

m

r
T

k r
r

e

x

r 




  



  













                             (10) 

2
dim ( , )2 sin(2 ) (1 )

dim
r B Bk xJ

mg
   

                    (11) 

( ) (dim)t best bestX i X J c Levy X                      (12) 

Both movement strategies are based on the optimal position Xbest  in Eqs (8) and (12), with each 
being selected with a probability of 1/ 4. Both use Levy flights as a strategy to escape local optima, 
as shown in Eqs (6) and (7). When employing Levy flights, typically only the parameter   needs to 
be adjusted (in the original AOO,   is fixed at 1.5). The difference between the two methods lies in 
the offset vectors R   and J   in Eqs (5) and (11). Here, dimr ( , )A A   denotes a random matrix of 
dimension dim, with each element sampled uniformly from the interval [ , ]A A . In Eqs (5) and (9), 
A , B are key parameters used for building models, participating in subsequent rolling mechanisms, 
and other calculations. R  models the offset generated when the seed moves by “rolling” without 
encountering obstacles, representing an internal drive. J , on the other hand, models the offset when 
the seed encounters obstacles and moves by a stored-energy catapult mechanism, representing an 
external drive. Both R   and J   are related to the seed’s initial attributes. Equation (10) defines the 
correlation coefficients for seed ejection, where k, x, θ, α represent the elasticity coefficient, the change 
in awn length during energy storage, the ejection angle, and the air resistance coefficient, respectively. 

The pseudocode for the step-by-step execution logic of animated oat optimization is as follows: 
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Algorithm 1 Step-by-step execution logic of Animated Oat Optimization 
Input: pop_size: Number of oat seed agents; dim: Dimensionality of optimization problem 

max_epoch: Total iteration limit; curr_epoch: Current iteration count 
Output: global_best_pos: Optimal position discovered by AOO 

global_best_fit: Corresponding fitness value 
1: Initialize populations and generate fitness 
2: while curr_epoch ≤ max_epoch do 
3:     for agent_idx = 1 to pop_size do 
4:         Calculate parameters according to Eq (1) 
5:         if rand(0,1) > 0.5 then 
6:             Execute Long-Range Dispersal (Eqs (2) and (3)) 
7:         else 
8:             if rand(0,1) > 0.5 then 
9:                 Execute Moisture-Absorbing Rolling (Eqs (4) to (8)) 

10:             else 
11:                 Execute Obstacle-Evading Ejection (Eqs (9) to (12)) 
12:             end if 
13:         end if 
14:         Boundary Compliance & Fitness Update 
15:         Local & Global Optima Tracking 
16:     end for 
17:     Epoch Termination & Progression 
18: end while 

It is found that AOO is not only competitive with other algorithms in low dimensions but also has 
lower degradation than many similar algorithms in high dimensions [13]. At the same time, to make 
up for the serious lack of diversity of AOO in the later stage, this paper introduces the niche strategy. 

The niche strategy refers to the method of dividing the population into multiple sub-populations 
(niches) to enable different sub-populations to evolve in their respective “niches” to maintain 
population diversity. NCOA [32], DADE [31], and other algorithms use the niche strategy. Their 
approaches demonstrate superior performance in avoiding premature convergence compared to non-
niching algorithms [31–33]. 

In addition to metaheuristic-based enhancements, recent research has increasingly applied 
machine learning–driven methods to optimization and engineering tasks. For instance, a decoupled 
physics-informed neural network (dPINN) is proposed to enforce initial and boundary conditions in 
dynamic PDEs with higher accuracy and efficiency [34]. Deep neural network (DNN) models have 
also been used to predict material behavior in deep drawing processes [35], quantify uncertainty in 
bio-inspired porous structures via Bayesian neural networks [36], and enhance dimensional accuracy 
prediction in flow forming through integration with finite element analysis [37]. Furthermore, hybrid 
approaches that couple DNNs with evolved metaheuristics, such as the EVARO algorithm, have shown 
promising results in structural damage detection for bridges [38]. These studies highlight the potential 
of ML-driven methods in engineering optimization, but they mainly focus on low-to-medium-
dimensional problems and domain-specific applications. In contrast, our work targets reinforcement 
learning–driven niching strategies for high-dimensional optimization, which has not been sufficiently 
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explored in prior literature. 

2.3. Research gaps 

2.3.1. Gaps in existing approaches for HDO 

Intelligent optimization algorithms: Most metaheuristics often suffer from the “curse of 
dimensionality”, where population diversity decreases rapidly and search efficiency drops sharply. As 
the dimension increases, they face premature convergence, degraded solution quality, and prohibitive 
computational costs, limiting their scalability to large-scale problems. 

ML-driven optimization: Although PINN, DNN, and other methods have achieved results in 
applications such as manufacturing, materials, and health monitoring, they are mostly focused on 
low/medium-dimensional problems, and the problem is specific and does not have universal HDO 
processing capabilities.  

RL in metaheuristics: Existing methods (such as Q-learning and SARSA) are applied to operator 
selection, but there are problems such as complex modeling, large computational overhead, and being 
unfriendly to high-dimensional problems.  

Niching strategies: Most of the existing niche methods are fixed or two-state mechanisms, which 
can easily lead to misjudgment due to the rough judgment and may fall into the local optimal region 
repeatedly, as they do not have a memory mechanism. 

2.3.2. Gaps in AOO itself 

While the AOO algorithm provides a promising bio-inspired framework, its performance in high-
dimensional optimization scenarios can be further enhanced. Specifically: 

It is necessary to further strategically maintain population diversity in the development 
stage: The particles of the AOO algorithm tend to converge quickly to the current optimal solution in 
the later iteration [e.g., Eqs (3), (8) and (12)]. In the later stage, particles will gather in large numbers, 
the diversity will decrease, and the tendency to converge to a local optimum will increase significantly 
in high-dimensional scenarios. 

It is desirable to enhance adaptability in strategy switching: At present, the switching between 
exploration and development stages is usually based on a fixed threshold (such as  ,  /10mod t N  in 
Eq (3)). This static switching method is difficult to effectively cope with the changing search 
environment in HDO problems. There is an urgent need for a more adaptable and agile adjustment 
mechanism to strengthen the algorithm’s responsiveness to intricate optimization scenarios. 

Further improvements can be made by adopting adaptive parameter settings: For example, 
the static setting of key parameters in Levy’s flight step generation formula [such as   in Eq (6)] 
limits the ability of particles to break free from local optima or to identify and exploit potential regions, 
as a result of inadequate step size adaptability. 

2.3.3. Summary of related work 

In summary, while machine learning–driven optimization, RL-enhanced metaheuristics, and 
niching-based algorithms have each demonstrated valuable contributions, they remain limited in 
handling high-dimensional optimization problems due to either domain-specific applicability, 
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excessive computational overhead, or lack of adaptive population diversity maintenance. Meanwhile, 
the baseline AOO algorithm shows promise but suffers from diversity loss and rigid parameter settings 
when scaled to high dimensions. Therefore, to fill these gaps, we propose RLDN-AOO, which 
integrates a lightweight multi-armed bandit reinforcement learning framework with a three-state 
dynamic niching strategy, providing a novel and scalable solution for high-dimensional optimization. 

3. General description of RLDN-AOO algorithm 

3.1. Overall framework of the algorithm 

An overview of the proposed RLDN-AOO algorithm is provided in this section. The algorithm 
incorporates a dynamic niching (DN) strategy, which divides all populations into multiple niches that 
are iteratively updated independently. Each niche has its own rise and fall cycle, and different niches 
will have different focus behaviors in different periods. In addition, the algorithm also introduces the 
multi-armed bandit in reinforcement learning as the exclusive location update decision center for each 
niche. This is able to choose the most appropriate location update method for the current situation 
based on experience, which changes the traditional strategy of artificially setting the probability and 
improves the adaptive nature of the algorithm. 

The structure of each niche is shown in Figure 1, where each dotted circle represents a niche, and 
each niche possesses its own MAB decision hub. The red star represents the subpopulation optimum 
of the current niche, the nearby small circles are ordinary particles, and the red circles with forks 
indicate the taboo regions, i.e., the labeled local optimum regions. 

 

Figure 1. The structure of a single niche. 

The flowchart of the proposed algorithm is shown in Figure 2. After entering the main loop, it 
traverses all the niches and first determines whether the niche is trapped in a local optimum. If it is, it 
reinitializes the niche as a way of forcing it to escape from the local optimum position. If it is not, then 
the position update under the multi-armed bandit machine strategy will be performed. Finally, it will 
judge whether the niche should be reallocated based on the stagnation of the global optimum, to 
redistribute the resources of each niche and increase the likelihood of jumping out. 

In addition to these two main mechanisms, adaptive parameter  , multi-stage Levy flight, multi-
strategy boundary handling, and other mechanisms are also proposed, which will be introduced below. 

The introduction to the niching and multi-armed bandit machine strategies will be given in 
subsections 3.2 and 3.3, respectively. 
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Figure 2. The flowchart of RLDN-AOO. 

3.2. Dynamic niching strategy 

In the proposed algorithm, a dynamic niching strategy inspired by Li et al. [31] is proposed. Each 
miniature habitat has three states—healthy, debilitated, and extinct—corresponding to not falling into, 
possibly falling into, and definitely falling into a local optimum. There are different strategies for each 
stage, which will be explained in the following subsections. 

Based on this mechanism, our niches would have acquired dynamic adaptability. Here, dynamic 
adaptability refers to the algorithm’s ability to adjust the survival state of each niche in response to 
fitness stagnation and diversity collapse. 

3.2.1. Healthy state 

This paper argues that a healthy niche should have at least one of the following characteristics: 
1) ( )D  : The diversity of this niche ( )D   is not less than the threshold value   (in this 

work, 0.05  ). 
2) | | accf f A  

 : The difference between the subgroup optimum f   and the global optimum 
f   for this niche does not exceed the accuracy thresholds accA (in this work, 10accA ). 

The calculation formula for ( )D   is as follows: 



5545 

Electronic Research Archive  Volume 33, Issue 9, 5536-5590. 

1( )
(| | 1) i

i
D x x

A
A u l



 






 







 





                         (13) 

where {1, , }N    means the index of the current niche (in this work, | | 3  ), , dl u   are 
lower/upper bounds, and ix x 

  represents the Euclidean distance between the optimal niche x  
and the thi  particle ix . The Euclidean distance is formulated as Eq (14): 
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where x  and f   are the best individual and best score in a certain niche, and ( )if x  indicates 
the fitness of ix . 

When feature 1) is satisfied, it indicates that the current niche particles are not concentrated near 
the subpopulation optimum, have high diversity, and are not trapped in a local optimum. 

When feature 2) is satisfied, it means that the current niche is the niche where the global optimum 
is located, or it is very close to the global optimum, which means that there is a lot of potential, and it 
does not get stuck in a local optimum. 

When the niche is in a healthy state, the   that controls Levy’s flight is kept at 1.6, and the 
boundary is handled using the strategy of attached boundaries, reflecting a more conservative approach. 

3.2.2. Debilitated state 

In this paper, when not all the above conditions are satisfied at the same time, it is said to enter a 
debilitated state. That means: 
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At this case, it means that the niche is already highly concentrated and has insufficient potential 
to be separated from the global optimum; it can enter the local optimum, but that is not determined. 
Thus, we record the number of sustained debilitated times g  . If the above two equations hold 
continuously, then 1g g   . 

When the niche is in a debilitated state, it will affect the value of   in Levy’s flight through 
g , increasing the possibility of the niche to escape from the local optimum. See Subsection 3.3.1 for 
details of the influence. See Eq (17). 
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where min max1.2, 1.6   , and threshold 5G  in this work. 

Meanwhile, if the particle whose position is updated in this state crosses the boundary, the 
following boundary processing strategy proposed in [39] is used to get rid of the adhesion of the 
crossing particle to the boundary and instead look for opportunities in the high potential region. This 
strategy will be described in detail in Subsection 3.3.6. 

3.2.3. Extinct state 

When the number of continuous weakening exceeds the debilitated threshold G  (in this work, 
5G  ), that means g G . 
In this case, the current niche is considered to have fallen into a local optimum and enters a state 

of extinction; then, it is necessary to record the current region as a taboo region, i.e., a locally optimal 
region, and subsequently reinitialize the niche. 

The flowchart for marking taboo areas is shown in Figure 3. 

 

Figure 3. Flowchart of marking the taboo area. 

Each taboo region consists of a core point c   and a radius r  , where the core point is the 
subpopulation optimum of the niche that has fallen into a locally optimal position, and the radius is the 
Euclidean distance between the subpopulation optimum of the current niche and its nearest particle. 
That is: 

,
min

ix ii x
r x x

 
 ‖ ‖






                          (18) 

where the i x x‖ ‖  represents the Euclidean distance between the optimal niche and the thi  particle. 

When the location of the proposed added taboo region c  is found to be within the range of a 
taboo region, the taboo region is updated. The fitness of the two cores is first compared, and the smaller 
one is chosen as the new core. The radius is then updated to d r , where d  is the Euclidean distance 
between the two cores. 

For reinitialization, this paper uses a reverse learning (OBL) strategy with the following 
pseudo-code: 
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Algorithm 2 Pseudo-code for re-initializing niches 
Input: NP: niche population size; lb: lower bound; ub: upper bound; Rtaboo: taboo regions.  
Output: the positions and fitness values of individuals in the current niche after reinitializing. 

1: Calculate the dimension and population size according to the input population information.  
2: for 1: NP 
3:      Set in_taboo = True 
4:        while in_taboo == True: 
5:            Generate two individuals according to Eq (19); 
6:            Calculate the fitness of both; 
7:            Choose a smaller one as the Xtarget; 
8:            if ~is_in_taboo_region(Xtarget, Rtaboo) 
9:                Set in_taboo = False; 

10:                Record target position and fitness; 
11:            end if 
12:        end while 
13: end for 

First, a random position is generated, and then the opposing position of that position in the whole 
space is generated. It is calculated as Eq (19): 

( )
' ( )

X lb ub lb r
X ub lb X

   
   

                            (19) 

where X  denotes a random location of 1 dim , r  denotes a uniformly distributed random vector 
on the interval  0,1 , and 'X  denotes the reverse individual. 

The fitness of the two is then calculated, and the location with the smaller fitness is chosen as the 
new location. It is then judged whether the position is in the recorded taboo region; if not, it is recorded, 
and vice versa, the particle is regenerated, and so on. In this way, a new niche is obtained, and finally, 
the mechanism of forcing the locally optimal niche to jump out is realized by choosing the particle 
with the smallest fitness of this niche as the subpopulation optimum. 

The diagram in Figure 4 shows the progression of a niche from a healthy state into a debilitated 
and finally an extinct state. In the debilitated stage, the niche particles are very close to the local optimal 
position, and the diversity is maintained at an extremely low level. In the extinct stage, the local optimal 
position of the recorded niche is near the taboo area, and the niche particles are reinitialized and 
distributed to the position of the non-taboo area. 

 

Figure 4. Niche evolution diagram. 
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3.2.4. Summary of the three-state dynamic niching 

a) State transition table 

The transition conditions and behaviors of each state in the niche are shown in Table 1. 

Table 1. Three-state dynamic niche transition. 

State Condition Threshold Actions 

Healthy 
( )

| | acc

D

f f A







 
 



 

0.05
10accA

 


 
0

1.6
g



 





 

Debilitated 

( )

0
| | acc

D

f f A
g G











 
 







 
0.05

10
5

accA
G

 



 min max min( ) cos

2
  

1g g
g
G

Boundary handling variants

   

 






    




 

 


  

Extinct g G  5G    Re initializing niche  

b) Pseudocode of the three-state dynamic niching 

Below, we present the proposed niche framework in pseudocode; modifying the framework is 
also the general process of the entire project. 

Algorithm 3 Pseudocode of the three-state dynamic niching 
Input: ܲ = ,ଵݔ} … ,  ;ே}: population; lb,ub: lower /upper bound; ρ: diversity thresholdݔ

G: extinction patience; ܣ௔௖௖: near-optimal threshold; ߚ௠௜௡,  ;bounds ߚ :௠௔௫ߚ
ܵ௧௛௥௘௦௛௢௟ௗ: global optimal stagnation threshold 

Output: global best position ݔ∗ and its fitness ݂∗. 
1: Initialize: partition P into niches { ଵܰ, … , ௞ܰ} (via adaptive niche division in section 3.2.5); 
2: for each ௞ܰ: set gap counter ݃௞ ← 0. 
3: for t = 1 … T do 
4:      for each niche ௞ܰ do 
5:            Calculate niche parameters like ݔ௞

∗ ௞, ௞݂ܦ ,
∗ according to Eqs (13), (15) and (17). 

6:            if ( ܦ௞ < | ) and (ߩ ௞݂
∗ − ݂∗| >  ௔௖௖) thenܣ

7:                ݃௞ ← ݃௞ + 1 
8:            else  
9:                ݃௞ ← ݃௞ + 1 

10:            end if 
11: 
12:            # --- State decision --- 
13:            if ݃௞ = 0 then 

Continued on next page 
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14:                state←Healthy 
15:         else if ݃௞ ≤  then ܩ
16:                state←Debilitated 
17:         Else 
18:            state←Extinct 
19:         end if 
20:  
21:        # --- state-specific actions --- 
22:        if state ∈ {Healthy, Debilitated} then 
23:            Dynamically adjust Levy parameter ߚ௞ according to Eq (17). 
24:  
25:            # produce new candidates for members of ௞ܰ 
26:            for each ݔ௜  ∈  ௞ܰ do 
27:                Calculate ܺ௧௔௥௚௘௧ according to Eq (28).    # from Section 3.3.1 
28:                Plevy←Levy(ߚ௞)    # heavy-tailed step 
29:                W ← bounded stochastic step (problem-dependent) 
30:  
31:                # strategy chosen by MAB (UCB) from Section 3.3 
௡௘௪ݔ                :32 ← ,௜ݔ)݁ݐܽ݀݅݀݊ܽܥ݁ݐܽݎ݁݊݁ܩ ,௧௔௥௚௘௧ݔ ܹ, ,ݕݒ݈݁ܲ )ܤܥܷ ௞ܰ))     
33:  
34:                # boundary handling ( detail in Section 3.3.6) 
35:                if state = Healthy then 
௡௘௪ݔ                    :36 ← ,௡௘௪ݔ)ℎ݁ܿ݇ܥݕݎܽ݀݊ݑ݋ܤ ݈,  (ݑ
37:                else 
௡௘௪ݔ                    :38 ← ,௡௘௪ݔ)ݎ݁ݓ݋݈݈݋ܨℎ݁ܿ݇ܥݕݎܽ݀݊ݑ݋ܤ ,௜ݔ ݈, ,ݑ ௞ݔ

∗) 
39:                end if 
40:  
41:                if ݂(ݔ௡௘௪) <  then (௜ݔ)݂
42:                    replace ݔ௜ ← ௞ݔ ௡௘௪ and updateݔ

∗, ௞݂
∗. 

43:                end if 
44:            end for 
45:  
46:        else    # state = Extinct 
47:            Calculate ݎ according to Eq (18). 
ݎ݁ݐ݊݁ܿ)݈݈ܽܤ݋݋ܾܽܶ݁݃ݎ݁ܯݎܱ݀݀ܣ            :48 = ௞ݔ

∗, ݏݑ݅݀ܽݎ = ,ݎ ݁ݎ݋ܿݏ = ௞݂
∗) 

49:  
50:            # Scatter niche with OBL while avoiding taboo regions 
51:            for each position in ௞ܰ do 
52:                Repeat: 
଴ݔ                    :53 ← ,݈)݉ݎ݋݂ܷ݅݊  (ݑ
௢௣௣ݔ                    :54 ← (݈ + (ݑ −  ଴    # opposition-based candidateݔ
 Continued on next page 
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௡௘௪ݔ                    :55 ← ,(଴ݔ)݂ }݊݅݉݃ݎܽ  { (௢௣௣ݔ)݂
56:                until ݔ௡௘௪ ∉  ݈݈ܽܤ݋݋ܾܽܶ ݕ݊ܽ 
57:                replace ݔ௜ ←  ௡௘௪ݔ
58:            end for 
59:  
60:            ݃௞ ← 0     # reset after reinitialization 
61:         end if    # different states 
62:     end for    # for each niche ௞ܰ 
63:  
64:     # optional: if no improvement for S iterations, re-partition niches 
65:     if ܰݎ݋ܨݐ݊݁݉݁ݒ݋ݎ݌݉ܫ݋(ܵ௧௛௥௘௦௛௢௟ௗ) then 
66:         Update niches { ଵܰ, … , ௞ܰ} via adaptive niche division (in Section 3.2.5); 
67:     end if 
68: end for    # for t=1:T 

3.2.5. Adaptive niche division 

In addition to the division of niches at initialization, all niches are also redivided when the global 
search stalls. Each niche division will redefine the members and particle states of each niche, 
facilitating interactions between particles and facilitating the breaking of stalemates. 

First, we consider the global search to enter a stalled state when cnt thresholdS S  , where cntS  
denotes the global optimal number of stalls, and thresholdS  denotes the stalling threshold. When the 
above conditions are satisfied, we reclassify all niches. The flowchart of reclassification is shown in 
Figure 5. 

 

Figure 5. Flowchart of niche rezoning. 
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During the initialization of the parameters, we compute the dynamic parameter nicheN , indicating 
the current minimum number of particles per niche, which is computed as in Eq (20): 

   niche min max min
tN S S S
T

                            (20) 

minS   and maxS   indicate the minimum and maximum number of particles in a single niche, 
respectively. nicheN  denotes the number of particles in the niche after rounding. Through the above 
formula, we can control the increase of nicheN  with the increase of iteration number, and at the same 
time, make the number of niches decrease gradually to simulate the survival of the niche. In this paper, 
the settings of 3minS  , / 2maxS N , and N  denote the total population number. According to the 
above settings, it can achieve multi-niche exploration in the early stage of the population and stable 
dual niche development in the later stage. 

In the course of division, the remaining unassigned individuals will first be ranked in terms of 
fitness, and the best-fitted among them will be selected as the core of the new niche. The distance of 
the remaining individuals from this core will be calculated using the Euclidean distance [Eq (14)], and 
the nearest 1nicheN   individuals will be selected as members. x  denotes unassigned individuals, 
and y  denotes the core of the new niche. 

If the number of remaining particles is found to be less than nicheN , then the remaining particles 
are assigned to the niche. The same Euclidean distance formula is used, except that y  represents the 
center of the proposed niche, which is the average of all the individuals in that niche in each dimension. 

An example plot of the population distribution when 30, 10,dim 2nicheN N     is shown in 
Figure 6. 

 

Figure 6. Niche division demonstration diagram. 

The distribution of particles for each niche added is shown, where the particles with circles on 
the outside are the core of the current niche. 

3.3. Reinforcement learning framework 

In the classic reinforcement learning framework, an agent needs to have state/action/reward. We 
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did not use RL such as Q-learning/SARSA/DQN, which requires explicit modeling of states, but 
instead chose the MAB framework, which is essentially a stateless special case of RL, retaining only 
action space and reward updates. Therefore, it can significantly reduce computational costs and is more 
suitable for high-dimensional optimization scenarios. This section will introduce the framework of this 
research design from three aspects: action space, reward function, and learning algorithm. 

3.3.1. State representation 

In classical multi-armed bandit frameworks, no explicit state is required, which limits their 
adaptability in dynamic optimization. To address this, we adopt a lightweight contextual bandit view, 
where each niche   at iteration ݐ is described by a compact state vector: 

( ( ), )t norms D g                              (21) 

where ( )normD    denotes the normalized diversity of the niche, and g   is a stagnation counter 
tracking whether the niche is trapped in a local optimum. This state representation introduces minimal 
overhead while allowing the bandit model to adaptively allocate strategies according to the 
exploration–exploitation dynamics of each niche. 

3.3.2. Action space 

In our framework, the reinforcement learning agent does not introduce new operators, but instead 
integrates directly with the improved AOO mechanism by treating its four update operators as the 
action space of the multi-armed bandit. In this way, the RL component adaptively selects which 
improved AOO operator to apply to each individual niche, based on the reward feedback. 

The action space consists of four candidate search strategies: {1, 2,3, 4}a  . 
For the ݉௧௛ niche, if its ݁ݐܽݐݏ ∈ ·,ݕℎݐ݈ܽ݁ܪ}  we will update the position of its ,{݀݁ݐܽݐ݈ܾ݅݅݁ܦ

particles in one of the following four ways. The action space is described in Table 2. 

Table 2. Action space and its characteristics, used by the proposed algorithm. 

Action AOO operator  Features 

ܽ = 1 
1

1


  
N

new i
i

x x W
N

 (22) 
Mean-based 
update 

ܽ = 2 arg new t etx x W  (23) 
Leader-based 
update 

ܽ = 3  new ix x W  (24) 
Neighborhood 
perturbation 

ܽ = 4 
arg arg

arg arg

(dim, ) ,    r<0.5,
(dim , ) ,       .




    
     

new t et m t et

new t et m t et

x x R c Levy x
x x J c Levy x else

 (25) 
Levy-flight–
enhanced update 

Where ܰ represents the current number of particles in the niche, and the calculation formulas 
for ܹ, ܴ, ܿ, ,ܬ ௠ are shown in Eqs (2), (4)–(11) and (17), where argtߚ etx  is a mixed guiding particle 
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used to macroscopically coordinate the direction of particle aggregation. The specific calculation 
method is as follows. 

First, a dynamic parameter   is proposed in this work to regulate the transition of niche core 
particles, aiming to effectively balance exploration and exploitation across different phases. The 
formula is shown in Eq (26). 

1 
11 exp
2

tk w
T

 
         

                         (26) 

where k  and w  are used to control the steepness and center offset of the curve at  . The curves of 
this formula for different k  and w  are shown in Figure 7. 

 

Figure 7. The γ curves under different k and w values. 

The change curve of   is an S curve. When 4 4k w ， ,   approaches 1 in the early stage, 
transitions rapidly in the middle stage, and slowly approaches 0 in the late stage. At the same time, we 
design the formula for calculating the core position of the niche as Eqs (27) and (28): 

' (1 )    w w                                 (27) 

  *
t arget

* ' 1 '     kx xx                             (28) 

where ݓ = 0.1  (default) is used to regulate the minimum value approaching γ. Through the 
adjustment of  , t argetx  can be adjusted to be similar to the current niche optimum *

kx  in the earlier 
phase and rapidly approach the global optimum *x   in the middle and late stages, but always 
differentiate from the *x  , which is conducive to maintaining the diversity and balancing the pre-
exploration and post-exploitation at the macro level. 

3.3.3. Reward function 

After applying action ܽ  at iteration ݐ , a reward ܴ௧  is assigned by combining convergence 
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improvement and population diversity: 

(1 )t t norm t normR f D                               (29) 

where max new

max best
norm

f f
f

f f





  denotes normalized fitness improvement, normD   is normalized niche 

diversity, and 
max1 2
t

t Tw w      is a time-dependent weight shifting emphasis from exploration to 
exploitation, set ݓଵ = 0.6, ଶݓ = 0.3 (default). 

In this paper, the mean of the Euclidean distance between individuals of the niche as a percentage 
of the diagonal distance in the solution space is used as the normalization method. The formulas for 

calculating the niche-normalized diversity normD  are Eqs (30)–(32). 

  1 1,

1
1   

 
  o i j

i j j i

n n

D x x
n n

                         (30) 

2
max

1

dim

( )


  ub - lb  d d
d

D ub lb                       (31) 

max

 o
norm

D
D

D …………                        …(32) 

where the calculation of i jx x , as shown in Eq (14), represents the Euclidean distance between two 

different particles. oD  denotes the mean Euclidean distance between individuals, n  is the size of 
the niche, and maxD  represents the diagonal distance in solution space. 

3.3.4. Learning algorithm 

Incremental update rule: The ݅௧௛ niche maintains action-value estimates ܳ(ܽ) and selection 
counts ܰ(ܽ). After each reward, the update rule is: 

 1
1( ) ( ) ( )
( )

( ) ( ) 1

t t t t
i

i i

Q a Q a R Q a
N a

N a N a


   

  

                     (33) 

Action selection: The action selection is guided by the UCB criterion: 

ln( ) ( )
( )t t

i

tUCB a Q a c
N a

  
                        (34) 

where ܿ is a tunable constant controlling the degree of exploration. The action with the maximum 

௧(ܽ) is selected at each iteration. That is, ܤܥܷ * arg max ( )ta
UCBa a . 
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3.3.5. Pseudocode of RL strategy selection 

For each execution location update niche (݁ݐܽݐݏ ∈ ,ݕℎݐ݈ܽ݁ܪ}  its pseudocode is ,({݀݁ݐܽݐ݈ܾ݅݅݁ܦ
as follows: 

Algorithm 4 Pseudo-code of the AOO based on the multi-armed bandit 
Input: ܲ = ,ଵݔ} … ,  ;ே}: population; Dim: problem dimensionݔ

T: maximum number of iterations; c: exploration coefficient in UCB algorithm; 
lb,ub: lower /upper bound; 

Output: the positions and fitness values of individuals in the current niche after update. 
1: Initialize: niches and related parameters (described in Section 3.2); 
2:         ܳ(ܽ) = 0 , ܰ(ܽ) = 0 for all actions ܽ 
3: for ݐ = 1: ܶ do 
4:     for each niche ݅ do 
5:         Evaluate niche status according to Section 3.2 
6:         if ݁ݐܽݐݏ ∈ ·,ݕℎݐ݈ܽ݁ܪ}  then {݀݁ݐܽݐ݈ܾ݅݅݁ܦ
7:             Compute ܷܤܥ௧(ܽ) for all actions according to Eq (34) 
8:             Select action ܽ∗ =  (ܽ)௧ܤܥܷ ݔܽ݉݃ݎܽ
9:             switch ܽ∗ 

10:                 case 1: Mean-based update as defined by Eq (22); 
11:                 case 2: Leader-based update as defined by Eq (23); 
12:                 case 3: Neighborhood perturbation as defined by Eq (24); 
13:                 case 4: Levy-flight–enhanced update as defined by Eq (25); 
14:                end switch 
15:                if ݁ݐܽݐݏ =  ݕℎݐ݈ܽ݁ܪ
16:                    Use Method for boundary handling; 
17:                else 
18:                    Use Method for boundary handling; 
19:                end if 
20:                Calculate the normalized reward according to Eq (29) 
21:                Update MAB statistics according to Eq (33) 
22:                Retain the better solution and update the sub-group optimal, global optimal 
23:         Else 
24:             # Processing ݁ݐܽݐݏ =  (see section 3.2 for details) ݐܿ݊݅ݐݔܧ 
25:         end if 
26:     end for    # each niche i 
27: end for    # each iteration t 

3.3.6. Multi-strategy boundary processing 

After the particle position is updated, the boundary processing is followed. However, the same 
boundary treatment method is adopted for different niche states. This lack of a targeted treatment strategy 
leads to a waste of computing resources and loss of optimization efficiency to a certain extent. This paper 
holds that when the niche enters a debilitated state, it may enter the local optimal region. Compared with 
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the ordinary adsorption boundary treatment method, it will be more conducive to the evolution of the 
niche by allowing the particles to explore the adjacent range of high-quality points. 

After the particle position is updated, the state of its niche is first judged. 
Method 1: If 0g  , it indicates that it is in a healthy state; using the general boundary processing 

method, the value of the out-of-bound dimension is assigned to ܾݑ or ݈ܾ. 
Method 2: If 0g  , it indicates that it is in a debilitated state and calls the following processing 

strategy. The specific formula is Eq (35): 

'' '
'

'' '
'

,     ,

,      .

i
i best best i

i i

i
i best best i

i i

x ub
x x ub x x ub

x x

x lb
x x lb x x lb

x x

 
     


      

                    (35) 

where ix  and '
ix  represent the particle’s value in the thi  dimension before and after the position 

update, respectively, while bestx  corresponds to the niche's best value in that dimension. bestub x  
and bestlb x  control the unit distance of the step, while the subsequent fractions control the number 
of units, thus enabling the transgressing particle to explore near the niche optimal position and break 
through the current dilemma. 

Its boundary treatment is shown schematically in Figure 8. 

 

Figure 8. Cross-border processing schematic diagram. 

3.4. Time complexity analysis 

Let the relevant parameters be ܶ, total number of iterations, ܰ, population size, and ܦ, problem 
dimension. Four primary components contribute to the overall time complexity of the RLDN-AOO 
algorithm: 

a) Individual fitness calculation: Each iteration needs to calculate the fitness of ܰ individuals; 
let the computational complexity of each fitness be ܨܱܥ. In ܶ iterations, the time complexity of this 
part is  O T N COF  . 

b) Local optimality determination: This step involves calculating the diversity of each niche, 
traversing the individuals within each niche, with a time complexity of  O T N D   due to the total 
number of individuals in all niches being ܰ. 

c) Niche reclassification: A reclassification is triggered when the global optimum is invariant for 
consecutive G   generations. The worst-case scenario is assumed here, where one repartition is 
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performed every G  times. Each reclassification involves a distance calculation  2O N D , with a 

total of /T G    reclassifications and a time complexity of  2 /O T N D G  . 

d) Multi-armed bandit strategy selection: Each individual update involves operations such as 
calculating the UCB value, which has a complexity of  O D  per individual. In T iterations, the time 
complexity of this part is  O T N D  . 

In summary, in the worst case, the time complexity of the proposed algorithm is: 

 
2

( )
 

     


N DO T N D COF O T
G

.                    (36) 

The first term corresponds to the cost of fitness evaluation and scales similarly to conventional 
population-based metaheuristics such as PSO or DE. The second term arises from niche reclassification, 
which introduces an additional quadratic component with respect to the population size ܰ. Therefore, 
the computational overhead of RLDN-AOO is higher than that of standard PSO/DE, especially when 
both ܰ and ܦ are large. 

Nevertheless, compared with reinforcement learning–based algorithms such as Q-learning or 
policy-gradient methods, which often require repeated updates of value functions or deep neural 
networks with a complexity of at least   O T S A   or even  2 O T N D   in high-dimensional 

settings, the proposed RLDN-AOO remains significantly more efficient. In other words, our method 
introduces only lightweight reinforcement-guided components while avoiding the heavy 
computational burden typically associated with full reinforcement learning frameworks. When N is 
large, 2( / ) O T N D G  is the dominant term. In the best case, i.e., the number of global optimal stalls 
never exceeds G , there is no niche reclassification, i.e.,  ( )O T N D COF   . 

Overall, the algorithm trades slightly higher complexity than classical population-based 
metaheuristics for better performance on multimodal and high-dimensional problems but maintains 
substantially lower computational requirements than traditional reinforcement learning approaches. 
This balance ensures that the algorithm is both practical and scalable in high-dimensional search spaces. 

4. Experimental results and discussion 

To conduct a quantitative assessment of the RLDN-AOO algorithm’s competitiveness and 
confirm its advantages, this research carried out comprehensive tests using the CEC2017 benchmark 
suite. Beyond analyzing the convergence, population diversity, and balance between exploration and 
exploitation pertaining to the RLDN-AOO algorithm, a systematic comparison of the algorithm was 
made with several others—either those excelling in addressing HDO problems or those adopting 
similar strategies. The average fitness value, standard deviation, convergence speed, and other 
indicators were monitored for performance measurement, and the Wilcoxon signed-rank test was used 
for significant difference analysis. The superiority of the RLDN-AOO algorithm in the core 
performance indicators, such as solution accuracy and convergence efficiency, is effectively revealed. 

4.1. Experimental parameter configurations and experimental setup 

All algorithms set the same experimental parameters, in which the maximum number of iterations 
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was 1000, and the problem dimension was 100. All parameters of the RLDN-AOO algorithm included 
the ecological-niche number bounds (lower/upper), the stagnation iteration threshold, the diversity 
threshold, the precision threshold, the maximum continuous stagnation iteration threshold, the number 
of strategy pools, the UCB exploration coefficient, the beta adjustment range, and the weight decay 
rate. Table 3 displays the key parameters of other algorithms. In addition, to reduce the impact of 
random factors on the experiment, each algorithm was executed independently 30 times, with the 
average and optimal values during operation recorded for follow-up research and analysis. 

Table 3. Configuration of parameters for each associated algorithm. 

Algorithm Parameter 
AOO Weight      0.5 

Gravitational acceleration      9.8 divide by dimensions. 
Lévy index      beta = 1.5 

Random scale factor      k ∈ [0.5, 1]. 

RLNNA Correction factors    beta ∈ [0, 1]. 

Dimensional perturbations    N ∈ [1, dim]. 

RLTLBO Q-learning rate    lambda ∈ [0, 1]. 

Discount factor    sigma ∈ [0, 1]. 

NCOA Shrinkage factor    0.5 
Convergence accuracy threshold       1e-3 
Number of segments    50 

NSSA Stagnation threshold    10 
Diversity threshold    0.05 
Permitted stagnation algebra    G = 5 
Fitness accuracy threshold    10 
Producer ratio    P = 0.2 
Investigators ratio    0.2 
Step size random factor    beta = 1.5 

MMPA Control the probability of Eddy formation and FADs effect    0.2 
Step length scaling factor    P = 0.5 
Step size random factor    beta = 1.5 

SBOA Lévy index      beta = 1.5 
LRA-CMA-ES LRA learning rate    m = 0.1, sigma = 0.03, gamma = 0.1 
mLSHADE-SPACMA Learning rate attenuation coefficient    0.8 

Elite selection ratio    p = 0.11 
Archive size ratio    1.4 
Parameter memory size    5 

The simulation experiments in this study were performed within the same computational 
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environment, specifically a computer configured with Windows 11 64-bit, an Intel(R) Core (TM) i9-
14900HX CPU running at 2.20 GHz, 32.0 GB of RAM, and MATLAB R2024b. 

To ensure fairness across the board, we standardized the population size for all algorithms to 100 
and set the search space to span from -100 to 100. 

Benchmark functions: The CEC2017 benchmark set was used for experimentation in this paper. 
The ability of the algorithm to achieve convergence accuracy when determining the optimal was 
evaluated by examining the unimodal functions (F1–F3) that have a single global minimum and no 
local minimum. Functions F4–F10, being multimodal in nature, provide a useful means to test global 
exploration effectiveness and resilience against local optima entrapment. The integration of unimodal 
and multimodal functions gives rise to mixed (F11–F20) and ensemble (F21–F30) functions, which 
form more challenging benchmarks for examining an algorithm’s balance between exploitation and 
exploration in seeking optimal solutions. 

In this experiment, we selected the unimodal function F1, the multimodal functions F7 and F9, 
the unimodal and multimodal mixed functions F16, F17, and F20, and the integral functions F23, F26, 
and F29 to demonstrate the optimization effect of the RLDN-AOO algorithm. In the 200-dimensional 
and 500-dimensional tests, we extended the functions F1–F7 and F21–F23 in the CEC2017 test set, 
resulting in a higher-dimensional test set. 

4.2. Experimental results and analysis of the RLDN-AOO algorithm 

In this experiment, the results of the RLDN-AOO algorithm on the 100 dimensions of the 
CEC2017 benchmark set are demonstrated, and the RLDN-AOO algorithm is analyzed in terms of 
convergence, population diversity, and the balance between exploration and exploitation. 

The search history graph in Figure 9 illustrates that the RLDN-AOO algorithm has powerful 
scanning capabilities for global exploration and local exploitation. The trajectory of the first dimension 
demonstrates that throughout iterations, individual niches progressively locate the primary optimal 
region. The frequency and magnitude of their positional adjustments diminish over time. However, 
during later iterations, habitat reinitialization occurs as some niches become trapped in local optima. 
This leads to a significant resurgence in the frequency and scale of location changes toward the end of 
the optimization process. The average fitness curve indicates that the collective population consistently 
converges toward the optimal solution with each algorithmic iteration. These findings collectively 
demonstrate that the proposed RLDN-AOO algorithm offers significant algorithmic advantages 
for solving HDO problems, effectively balancing and mediating the interplay between exploration 
and exploitation. 

 

Continued on next page 
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Figure 9. Qualitative performance of RLDN-AOO. 

Figure 10 shows the change in population diversity during the 100-dimensional operation of the 
RLDN-AOO algorithm in the CEC2017 benchmark set. As shown in the figure, during the iteration, 
the population diversity gradually decreased, and in the later iterations, as the search area under the 
taboo area mechanism continued to shrink, some niches stagnated or fell into local optimums. 
Reinitialization of the niche and the repeated behavior led to strong fluctuations in population diversity 
in some test functions in the later stage. This algorithm makes it possible to find the optimal region 
more accurately in the later stage in a finite number of iterations when dealing with HDO problems. 

Figure 11 shows the change in the exploration and exploitation ratio of the RLDN-AOO algorithm 
in the 100-dimensional operation of the CEC2017 benchmark set. As illustrated in the figure, the 
RLDN-AOO algorithm demonstrates a strong exploration capability and efficient solution space 
search during the early stages of iteration. With the progression of iterations, the emphasis gradually 
shifts toward exploitation, which in turn accelerates the convergence process. In the late iteration stage, 
due to the niche mechanism, some habitats reinitialize the niche in some test functions, which makes 
the ratio of exploration and exploitation at this stage fluctuate greatly. 

It can be observed from the results that the RLDN-AOO algorithm possesses a strong capability 
to avoid local optima through maintaining population diversity. As a consequence, improvements are 
observed in the algorithm’s performance when addressing HDO problems. 

   

   

Continued on next page 
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Figure 10. Population diversity of RLDN-AOO. 

   

   

   

Figure 11. Exploration and exploitation of RLDN-AOO. 

As can be seen from Figure 12, in the optimization process, the RLDN-AOO algorithm with MAB 
dynamic adaptive mechanism is obviously different from the AOO algorithm relying on a static 
parameter selection strategy, which reflects the difference of the MAB mechanism-based algorithm in 
the selection of optimization strategies. 

Specifically, compared with the AOO algorithm, which selects strategies according to static 
parameters when dealing with the optimization of different functions, the RLDN-AOO algorithm has 
different strategy selection tendencies when dealing with the unimodal function (F1), the composite 
function (F18), and the integration function (F26), reflecting the characteristics of dynamic adaptation. 
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Figure 12. Selection of optimization strategies. 

These experiments prove that the RLDN-AOO algorithm shows a strong and reasonable ability to 
dynamically explore and exploit, avoiding falling into local optimization in the later stage with its unique 
and excellent DN and MAB strategy; as such, it has an excellent ability to deal with HDO problems. 

4.3. Ablation experiment of RLDN-AOO 

In this section, we disassemble the RLDN-AOO algorithm and decompose it into the RL-AOO, 
DN-AOO, and AOO algorithms. Thus, the effectiveness of each strategy in the RLDN-AOO algorithm 
is proved. 

Figure 13 shows the fitness values of each algorithm on a 100-dimensional test function of the 
CEC2017. As shown in the figure, the MAB strategy based on dynamic niching has significant 
advantages in dealing with multimodal problems and composite problems, and the AOO algorithm 
greatly increases the optimization efficiency with its strong global exploration and local exploitation 
strategies in dealing with mixed problems. The RLDN-AOO algorithm combines the advantages of 
the two to the greatest extent, allowing the algorithm to maintain a balanced search behavior in high-
dimensional settings and improve its adaptability to intricate problem environments. 

 

 

Continued on next page 
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Figure 13. Fitness values of each dismantling algorithm. 

4.4. Comparison of RLDN-AOO with other algorithms 

In this section, we compare the RLDN-AOO algorithm with the Animated Oat Optimization 
Algorithm (AOO), Modified Marine Predator Algorithm (MMPA), Reinforcement Learning Neural 
Network Algorithm (RLNNA), Reinforcement Learning Teaching-Learning-Based Optimization 
(RLTLBO) Algorithm, Niching Chaos Optimization Algorithm (NCOA), Niching Sparrow Search 
Algorithm (NSSA), Secretary Bird Optimization Algorithm (SBOA), Covariance Matrix Adaptation 
Evolution Strategy with Learning Rate Adaptation (LRA-CMA-ES), and Modified L-SHADE with 
Semi-Parameter Adaptation and Covariance Matrix Adaptation (mLSHADE-SPACMA). Among them, 
the NSSA is an algorithm with a niche mechanism added to the Sparrow Optimization Algorithm 
(SSA). Thus, this proves the superiority of the RLDN-AOO algorithm in dealing with high-
dimensional single-objective optimization problems. 

Figures 14–17 show the fitness convergence curves of algorithms similar to the RLDN-AOO 
algorithm on the 50, 100, 200, and 500-dimensional CEC2017. The figure illustrates that the RLDN-
AOO algorithm achieves clear advantages over comparable algorithms when optimizing unimodal, 
multimodal, hybrid, and composite functions, thereby confirming the effectiveness of the MAB 
strategy and DN in handling HDO problems. 

The experimental results are shown in Tables 4–7. The RLDN-AOO algorithm has excellent 
optimization ability in various test functions: F5–F10, F16, F17, F20–F24, F26, F4–F10, F16, F17, 
F20–F26, and F28 in 100 dimensions, F1, F2, F4–F6, and F21–F22 in 200 dimensions, and F1–F5 and 
F21–F23 in 500 dimensions; the average fitness value of the RLDN-AOO algorithm ranks first among 
all algorithms and in 100 and 200 dimensions. The total average fitness value on 500 dimensions is 
ranked 1. In addition, in terms of optimal values, the RLDN-AOO algorithm ranks 1 in the total average 
of 200 and 500 dimensions in the test functions of the four dimensions, and is only slightly worse than 
the mLSHADE-SPACMA in the 100-dimension standard CEC2017 test set. This reflects the 
effectiveness and superiority of the RLDN-AOO algorithm. 
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Figure 14. Convergence curves of RLDN-AOO and other algorithms in 50 dimensions. 
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Figure 15. Convergence curves of RLDN-AOO and other algorithms in 100 dimensions. 

 

 

Figure 16. Convergence curves of RLDN-AOO and other algorithms in 200 dimensions. 
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Figure 17. Convergence curves of RLDN-AOO and other algorithms in 500 dimensions. 

Tables 4–7 clearly show that the RLDN-AOO algorithm achieves lower standard deviation in 
various functions in CEC2017 benchmarks compared with other algorithms, indicating that it can 
avoid local optimal solutions. Notably, it excels in multimodal and compound functions, with 
significantly lower deviations than competing methods. These results show that the algorithm has high 
stability and reliability in dealing with complex optimization problems, as well as its strong ability to 
evade local optimization and converge to a global optimum. It reflects the dynamic adaptive strategy 
selection mechanism of the RLDN-AOO algorithm and the flexibility and strong responsiveness of 
MAB and DN. 
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Table 4. Experimental results of RLDN-AOO with other algorithms in 50 dimensions. 
  

RLDN-AOO AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-CMA-ES mLSHADE-SPACMA 

F1 avg 5.16E+03 4.14E+04 5.33E+10 1.52E+06 1.39E+11 2.07E+09 4.08E+07 4.61E+03 4.09E+08 1.01E+02  
best 1.26E+02 1.90E+04 3.85E+10 3.96E+03 1.09E+11 5.10E+07 2.21E+07 1.54E+02 2.90E+08 1.00E+02  
std 9.46E+03 1.19E+04 8.21E+09 4.03E+06 1.51E+10 3.07E+09 1.66E+07 4.16E+03 7.80E+07 1.40E+00 

F2 avg 2.99E+22 7.14E+24 5.00E+70 1.02E+29 2.31E+77 8.06E+53 3.39E+31 4.01E+29 1.33E+60 1.68E+13  
best 4.66E+10 1.13E+17 2.67E+63 5.26E+19 4.32E+67 8.40E+40 1.67E+24 9.06E+17 4.34E+52 2.99E+02  
std 1.64E+23 3.66E+25 1.48E+71 3.24E+29 6.55E+77 4.27E+54 1.10E+32 1.52E+30 5.48E+60 5.97E+13 

F3 avg 2.26E+04 1.15E+04 1.94E+05 5.15E+04 2.51E+05 1.89E+05 2.40E+03 2.07E+04 1.93E+05 5.74E+04  
best 6.87E+03 6.30E+03 1.45E+05 3.60E+04 1.84E+05 1.48E+05 1.30E+03 1.03E+04 1.46E+05 3.14E+02  
std 1.17E+04 3.06E+03 2.50E+04 9.27E+03 3.19E+04 1.88E+04 7.68E+02 6.51E+03 2.08E+04 9.71E+04 

F4 avg 5.27E+02 5.96E+02 1.00E+04 5.77E+02 4.17E+04 7.59E+02 5.40E+02 5.36E+02 9.20E+02 5.06E+02  
best 4.98E+02 4.95E+02 7.38E+03 4.89E+02 2.92E+04 5.07E+02 4.41E+02 4.59E+02 8.53E+02 4.29E+02  
std 3.08E+01 4.66E+01 2.28E+03 5.26E+01 8.54E+03 9.10E+01 4.59E+01 5.34E+01 3.06E+01 4.93E+01 

F5 avg 5.53E+02 7.23E+02 1.17E+03 6.83E+02 1.33E+03 8.68E+02 7.12E+02 6.37E+02 8.58E+02 5.71E+02  
best 5.36E+02 6.57E+02 1.08E+03 6.46E+02 1.25E+03 8.10E+02 6.74E+02 5.71E+02 8.21E+02 5.26E+02  
std 7.94E+00 4.07E+01 3.55E+01 2.18E+01 4.25E+01 3.00E+01 2.59E+01 3.75E+01 1.72E+01 2.61E+01 

F6 avg 6.00E+02 6.34E+02 6.92E+02 6.16E+02 7.10E+02 6.59E+02 6.13E+02 6.01E+02 6.11E+02 6.00E+02  
best 6.00E+02 6.21E+02 6.79E+02 6.08E+02 6.98E+02 6.42E+02 6.04E+02 6.00E+02 6.09E+02 6.00E+02  
std 2.58E-02 9.73E+00 7.74E+00 5.17E+00 5.61E+00 6.25E+00 4.30E+00 9.78E-01 1.09E+00 4.99E-02 

F7 avg 7.77E+02 9.91E+02 1.96E+03 9.85E+02 3.78E+03 1.64E+03 1.03E+03 9.50E+02 1.11E+03 8.05E+02  
best 7.60E+02 9.31E+02 1.71E+03 9.09E+02 3.35E+03 1.53E+03 9.59E+02 8.78E+02 1.08E+03 7.80E+02  
std 1.25E+01 3.58E+01 1.02E+02 5.15E+01 1.88E+02 7.58E+01 4.06E+01 5.32E+01 1.76E+01 1.97E+01 

F8 avg 8.52E+02 1.03E+03 1.47E+03 9.81E+02 1.64E+03 1.17E+03 1.02E+03 9.45E+02 1.16E+03 8.73E+02  
best 8.41E+02 9.51E+02 1.37E+03 9.20E+02 1.50E+03 1.11E+03 9.62E+02 8.97E+02 1.13E+03 8.24E+02  
std 7.07E+00 5.06E+01 3.67E+01 3.04E+01 5.07E+01 3.59E+01 3.36E+01 2.69E+01 1.55E+01 2.72E+01 
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F9 avg 9.00E+02 8.37E+03 3.54E+04 3.55E+03 5.01E+04 1.85E+04 2.24E+03 1.56E+03 1.85E+03 9.17E+02  
best 9.00E+02 4.89E+03 2.47E+04 1.37E+03 4.06E+04 1.35E+04 9.71E+02 9.32E+02 1.52E+03 9.03E+02  
std 5.45E-05 2.84E+03 4.50E+03 1.67E+03 6.01E+03 4.07E+03 1.09E+03 6.41E+02 2.17E+02 1.21E+01 

F10 avg 5.56E+03 7.19E+03 1.49E+04 1.30E+04 1.49E+04 9.14E+03 7.72E+03 6.52E+03 1.45E+04 7.22E+03  
best 3.78E+03 5.38E+03 1.41E+04 8.16E+03 1.41E+04 6.95E+03 5.65E+03 4.50E+03 1.32E+04 6.34E+03  
std 8.40E+02 9.41E+02 3.52E+02 1.58E+03 3.05E+02 1.27E+03 8.59E+02 9.24E+02 4.21E+02 6.53E+02 

F11 avg 1.28E+03 1.36E+03 1.65E+04 1.32E+03 2.55E+04 3.12E+03 1.22E+03 1.25E+03 2.11E+04 1.26E+03  
best 1.21E+03 1.20E+03 7.63E+03 1.23E+03 1.99E+04 2.23E+03 1.18E+03 1.16E+03 1.68E+04 1.20E+03  
std 3.97E+01 6.57E+01 4.23E+03 5.60E+01 3.43E+03 5.30E+02 2.04E+01 4.82E+01 2.89E+03 4.38E+01 

F12 avg 7.30E+06 3.54E+07 1.11E+10 1.94E+06 5.75E+10 6.51E+07 1.11E+06 2.96E+06 2.92E+08 9.46E+04  
best 2.07E+06 5.53E+06 6.64E+09 1.79E+05 4.23E+10 8.48E+06 4.56E+05 9.58E+05 2.08E+08 1.49E+04  
std 3.40E+06 2.15E+07 2.29E+09 1.38E+06 1.11E+10 1.50E+08 5.88E+05 2.08E+06 5.09E+07 7.97E+04 

F13 avg 4.03E+04 1.06E+05 3.87E+09 8.46E+03 2.26E+10 2.49E+06 6.12E+03 9.94E+03 1.78E+07 4.84E+03  
best 2.29E+04 3.43E+04 1.97E+09 3.11E+03 1.10E+10 9.47E+03 3.92E+03 1.47E+03 4.43E+06 2.23E+03  
std 1.27E+04 6.41E+04 9.12E+08 4.00E+03 6.80E+09 9.22E+06 1.25E+03 1.04E+04 1.08E+07 2.20E+03 

F14 avg 2.03E+04 1.65E+05 6.84E+06 4.86E+04 2.85E+07 5.54E+05 1.59E+03 9.79E+04 2.78E+06 1.63E+03  
best 6.56E+03 3.69E+04 2.65E+06 9.67E+03 9.65E+06 1.32E+05 1.55E+03 1.72E+04 1.22E+06 1.52E+03  
std 8.05E+03 9.55E+04 4.07E+06 3.46E+04 1.92E+07 4.69E+05 1.31E+01 7.10E+04 9.96E+05 6.98E+01 

F15 avg 2.40E+04 5.55E+04 9.18E+08 9.09E+03 4.53E+09 1.95E+04 1.98E+03 1.12E+04 3.43E+07 1.97E+03  
best 9.68E+03 1.19E+04 2.48E+08 1.97E+03 1.73E+09 5.51E+03 1.85E+03 1.65E+03 6.47E+06 1.72E+03  
std 1.91E+04 2.97E+04 4.07E+08 5.37E+03 1.46E+09 5.55E+03 6.36E+01 6.54E+03 2.66E+07 1.78E+02 

F16 avg 2.29E+03 3.18E+03 6.47E+03 2.76E+03 8.38E+03 3.61E+03 2.70E+03 2.82E+03 4.64E+03 2.68E+03  
best 1.98E+03 2.30E+03 4.54E+03 2.37E+03 6.81E+03 2.49E+03 1.99E+03 2.16E+03 3.83E+03 1.79E+03  
std 1.91E+02 3.68E+02 5.26E+02 3.35E+02 1.12E+03 5.62E+02 3.18E+02 3.11E+02 2.86E+02 3.92E+02 

F17 avg 2.36E+03 2.91E+03 5.20E+03 2.66E+03 7.06E+03 3.15E+03 2.51E+03 2.52E+03 4.11E+03 2.51E+03  
best 2.09E+03 2.41E+03 4.10E+03 2.32E+03 5.35E+03 2.37E+03 2.12E+03 2.02E+03 3.74E+03 1.98E+03  
std 1.87E+02 2.85E+02 4.02E+02 2.01E+02 8.66E+02 3.19E+02 1.97E+02 2.65E+02 1.95E+02 2.86E+02 

Continued on next page 
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F18 avg 3.53E+05 1.45E+06 4.51E+07 4.96E+05 7.46E+07 2.79E+06 2.52E+03 1.00E+06 2.92E+07 5.46E+03  
best 6.77E+04 2.05E+05 1.91E+07 1.25E+05 3.14E+07 7.66E+05 2.25E+03 2.08E+05 1.43E+07 2.36E+03  
std 2.16E+05 1.16E+06 1.47E+07 3.60E+05 2.13E+07 1.94E+06 1.43E+02 5.36E+05 9.50E+06 3.12E+03 

F19 avg 3.20E+05 5.33E+05 4.41E+08 1.60E+04 1.87E+09 2.42E+04 2.05E+03 1.44E+04 1.39E+07 2.07E+03  
best 8.01E+04 7.28E+04 1.50E+08 2.09E+03 1.10E+09 3.55E+03 2.02E+03 1.95E+03 1.63E+06 1.98E+03  
std 1.83E+05 3.66E+05 2.15E+08 8.34E+03 5.10E+08 3.57E+04 2.40E+01 1.16E+04 1.04E+07 4.08E+01 

F20 avg 2.46E+03 2.99E+03 4.16E+03 3.03E+03 4.17E+03 3.24E+03 2.60E+03 2.54E+03 3.75E+03 2.80E+03  
best 2.28E+03 2.32E+03 3.61E+03 2.27E+03 3.63E+03 2.74E+03 2.32E+03 2.05E+03 3.24E+03 2.28E+03  
std 1.15E+02 3.01E+02 1.94E+02 4.41E+02 1.65E+02 2.44E+02 1.71E+02 2.62E+02 1.45E+02 2.34E+02 

F21 avg 2.34E+03 2.52E+03 2.97E+03 2.47E+03 3.19E+03 2.68E+03 2.50E+03 2.42E+03 2.66E+03 2.40E+03  
best 2.33E+03 2.46E+03 2.86E+03 2.42E+03 3.04E+03 2.54E+03 2.44E+03 2.37E+03 2.64E+03 2.34E+03  
std 7.06E+00 4.06E+01 5.27E+01 2.65E+01 6.23E+01 5.61E+01 2.86E+01 2.31E+01 1.37E+01 2.06E+01 

F22 avg 6.29E+03 9.13E+03 1.52E+04 7.12E+03 1.67E+04 1.05E+04 8.79E+03 7.11E+03 1.58E+04 6.68E+03  
best 2.30E+03 7.30E+03 6.79E+03 2.31E+03 1.59E+04 2.97E+03 2.36E+03 2.30E+03 1.44E+04 2.30E+03  
std 2.21E+03 1.00E+03 2.95E+03 5.86E+03 3.50E+02 2.59E+03 1.49E+03 2.31E+03 5.14E+02 3.10E+03 

F23 avg 2.78E+03 3.01E+03 3.50E+03 2.96E+03 4.31E+03 3.19E+03 2.92E+03 2.84E+03 3.11E+03 2.82E+03  
best 2.65E+03 2.91E+03 3.35E+03 2.90E+03 3.99E+03 3.03E+03 2.87E+03 2.79E+03 3.08E+03 2.80E+03  
std 2.78E+01 5.93E+01 6.98E+01 4.00E+01 1.99E+02 7.05E+01 3.23E+01 2.68E+01 1.50E+01 1.48E+01 

F24 avg 2.95E+03 3.14E+03 3.53E+03 3.10E+03 4.78E+03 3.34E+03 3.05E+03 3.00E+03 3.26E+03 2.99E+03  
best 2.93E+03 3.02E+03 3.43E+03 3.03E+03 4.40E+03 3.14E+03 3.01E+03 2.95E+03 3.23E+03 2.94E+03  
std 1.17E+01 6.04E+01 6.08E+01 4.55E+01 2.49E+02 1.05E+02 2.90E+01 2.76E+01 1.72E+01 2.20E+01 

F25 avg 3.03E+03 3.06E+03 9.43E+03 3.11E+03 2.25E+04 3.28E+03 3.08E+03 3.08E+03 3.55E+03 3.02E+03  
best 3.02E+03 3.02E+03 7.71E+03 3.04E+03 1.55E+04 3.14E+03 2.99E+03 3.03E+03 3.44E+03 2.96E+03  
std 1.15E+01 2.71E+01 1.03E+03 3.32E+01 3.40E+03 1.15E+02 3.34E+01 2.91E+01 4.91E+01 3.26E+01 

F26 avg 3.19E+03 5.98E+03 1.32E+04 7.38E+03 1.95E+04 7.90E+03 6.01E+03 4.87E+03 7.48E+03 4.50E+03  
best 2.90E+03 2.90E+03 1.02E+04 3.18E+03 1.75E+04 4.04E+03 5.10E+03 2.90E+03 6.88E+03 4.09E+03  
std 5.35E+02 1.45E+03 1.68E+03 1.76E+03 1.32E+03 2.35E+03 6.34E+02 1.23E+03 1.94E+02 2.32E+02 

Continued on next page 
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F27 avg 3.32E+03 3.52E+03 4.06E+03 3.56E+03 6.26E+03 3.63E+03 3.29E+03 3.29E+03 3.94E+03 3.30E+03  
best 3.21E+03 3.35E+03 3.72E+03 3.37E+03 5.27E+03 3.42E+03 3.23E+03 3.21E+03 3.87E+03 3.21E+03  
std 3.45E+01 9.89E+01 2.78E+02 1.33E+02 4.29E+02 9.15E+01 4.19E+01 3.87E+01 3.69E+01 5.39E+01 

F28 avg 3.29E+03 3.32E+03 7.93E+03 3.40E+03 1.39E+04 3.74E+03 3.32E+03 3.33E+03 5.62E+03 3.28E+03  
best 3.26E+03 3.26E+03 5.80E+03 3.32E+03 1.10E+04 3.52E+03 3.28E+03 3.28E+03 5.21E+03 3.26E+03  
std 2.02E+01 2.54E+01 7.68E+02 3.98E+01 1.28E+03 2.22E+02 2.90E+01 3.72E+01 1.28E+02 2.34E+01 

F29 avg 3.82E+03 4.60E+03 8.87E+03 4.40E+03 1.86E+04 5.02E+03 3.84E+03 3.70E+03 7.76E+03 3.52E+03  
best 3.62E+03 4.00E+03 6.93E+03 3.91E+03 1.03E+04 4.60E+03 3.50E+03 3.30E+03 7.18E+03 3.38E+03  
std 1.35E+02 3.47E+02 1.10E+03 2.75E+02 1.04E+04 3.18E+02 1.80E+02 2.33E+02 3.60E+02 1.06E+02 

F30 avg 2.46E+07 2.39E+07 1.11E+09 9.15E+05 3.34E+09 8.16E+06 3.60E+06 9.94E+05 3.05E+08 7.91E+05  
best 1.23E+07 1.38E+07 6.21E+08 6.35E+05 1.20E+09 9.36E+05 2.21E+06 7.14E+05 2.36E+08 5.86E+05  
std 1.08E+07 5.31E+06 2.79E+08 1.92E+05 9.97E+08 1.39E+07 9.29E+05 2.90E+05 2.59E+07 1.63E+05 

+/≈/-  28/1/1 30/0/0 23/2/5 30/0/0 26/2/2 18/2/10 18/4/8 30/0/0 13/4/13 

Rank Avg 2 6 9 5 10 7 4 3 8 1 

Rank Best 3 6 9 5 10 7 4 2 8 1 

Table 5. Experimental results of RLDN-AOO with other algorithms in 100 dimensions. 
  

RLDN-AOO AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-CMA-ES mLSHADE-SPACMA 

F1 avg 8.51E+03 1.84E+06 1.97E+11 3.28E+09 4.02E+11 2.93E+10 1.83E+09 5.32E+07 2.98E+11 5.11E+03  
best 3.17E+02 9.96E+05 1.54E+11 3.89E+08 3.27E+11 7.61E+09 8.85E+08 1.74E+06 2.98E+11 2.39E+02  
std 1.04E+04 5.76E+05 1.90E+10 1.98E+09 2.43E+10 1.08E+10 7.31E+08 1.70E+08 1.24E-04 5.18E+03 

F2 avg 1.88E+64 1.23E+86 9.42E+162 5.88E+97 1.25E+172 2.27E+139 1.33E+97 1.90E+88 4.87E+176 1.00E+30  
best 3.13E+41 2.36E+73 2.54E+147 3.81E+81 3.35E+159 4.08E+119 9.71E+82 2.38E+73 3.21E+163 1.00E+30  
std 7.28E+64 4.78E+86 6.55E+04 2.53E+98 6.55E+04 9.85E+139 7.25E+97 7.59E+88 6.55E+04 1.43E+14 

F3 avg 2.05E+05 2.14E+05 4.86E+05 2.92E+05 6.16E+05 3.43E+05 8.26E+04 1.73E+05 1.06E+06 2.00E+05  
best 1.65E+05 1.39E+05 3.89E+05 2.55E+05 5.06E+05 2.93E+05 6.01E+04 1.40E+05 8.43E+05 4.89E+04  
std 2.69E+04 2.97E+04 4.77E+04 2.54E+04 5.48E+04 1.23E+04 1.28E+04 2.19E+04 1.12E+05 2.21E+05 

Continued on next page 
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F4 avg 6.69E+02 7.82E+02 4.39E+04 1.29E+03 1.46E+05 3.89E+03 1.07E+03 8.94E+02 1.60E+05 6.79E+02  
best 6.12E+02 6.46E+02 3.25E+04 1.06E+03 1.10E+05 1.93E+03 9.31E+02 7.18E+02 1.60E+05 5.50E+02  
std 2.55E+01 5.89E+01 5.43E+03 1.76E+02 1.80E+04 1.60E+03 8.72E+01 7.25E+01 8.88E-11 5.01E+01 

F5 avg 6.75E+02 1.13E+03 2.09E+03 1.12E+03 2.50E+03 1.56E+03 1.17E+03 9.50E+02 2.38E+03 7.91E+02  
best 6.47E+02 9.57E+02 1.92E+03 1.04E+03 2.25E+03 1.35E+03 1.06E+03 8.28E+02 2.38E+03 6.10E+02  
std 1.87E+01 1.15E+02 6.90E+01 6.44E+01 9.16E+01 7.24E+01 5.50E+01 6.51E+01 1.39E-12 1.18E+02 

F6 avg 6.01E+02 6.52E+02 7.08E+02 6.36E+02 7.31E+02 6.72E+02 6.41E+02 6.17E+02 7.41E+02 6.03E+02  
best 6.00E+02 6.38E+02 6.97E+02 6.25E+02 7.23E+02 6.67E+02 6.25E+02 6.06E+02 7.41E+02 6.01E+02  
std 1.05E+00 5.55E+00 5.16E+00 6.14E+00 4.20E+00 2.96E+00 7.60E+00 4.64E+00 1.16E-13 1.20E+00 

F7 avg 8.63E+02 1.67E+03 4.05E+03 1.92E+03 8.88E+03 3.26E+03 1.78E+03 1.67E+03 4.37E+03 1.10E+03  
best 8.25E+02 1.43E+03 3.62E+03 1.65E+03 8.22E+03 2.70E+03 1.63E+03 1.38E+03 4.37E+03 9.82E+02  
std 2.25E+01 1.39E+02 1.88E+02 1.50E+02 3.45E+02 1.72E+02 8.84E+01 1.73E+02 1.85E-12 8.71E+01 

F8 avg 9.63E+02 1.44E+03 2.50E+03 1.46E+03 2.85E+03 1.97E+03 1.49E+03 1.23E+03 2.84E+03 1.06E+03  
best 9.34E+02 1.30E+03 2.28E+03 1.31E+03 2.62E+03 1.80E+03 1.37E+03 1.14E+03 2.84E+03 9.24E+02  
std 1.98E+01 8.81E+01 8.24E+01 8.01E+01 9.69E+01 7.54E+01 7.82E+01 5.22E+01 1.39E-12 1.08E+02 

F9 avg 2.53E+03 2.47E+04 9.46E+04 3.52E+04 1.43E+05 4.02E+04 3.06E+04 1.43E+04 1.18E+05 2.63E+03  
best 9.06E+02 1.82E+04 7.80E+04 1.77E+04 1.19E+05 3.24E+04 1.64E+04 6.73E+03 1.18E+05 1.28E+03  
std 9.79E+02 4.63E+03 7.24E+03 1.02E+04 9.83E+03 7.80E+03 6.01E+03 4.00E+03 0.00E+00 8.32E+02 

F10 avg 1.23E+04 1.55E+04 3.21E+04 2.95E+04 3.19E+04 2.06E+04 2.05E+04 1.44E+04 3.29E+04 2.08E+04  
best 8.79E+03 1.36E+04 3.13E+04 1.71E+04 3.02E+04 1.75E+04 1.78E+04 1.20E+04 3.15E+04 1.65E+04  
std 1.68E+03 1.15E+03 5.53E+02 3.16E+03 6.54E+02 1.84E+03 1.64E+03 1.30E+03 6.09E+02 2.71E+03 

F11 avg 3.95E+03 3.33E+03 1.85E+05 3.40E+03 2.30E+05 2.19E+05 3.29E+03 7.85E+03 4.09E+05 1.50E+04  
best 2.36E+03 2.70E+03 1.14E+05 2.60E+03 1.65E+05 1.56E+05 2.67E+03 4.31E+03 2.94E+05 1.92E+03  
std 2.28E+03 4.41E+02 2.74E+04 7.16E+02 3.68E+04 3.61E+04 3.45E+02 2.58E+03 5.73E+04 2.92E+04 

F12 avg 1.02E+08 2.62E+08 6.61E+10 1.14E+08 2.08E+11 2.41E+09 2.20E+08 3.36E+07 2.58E+11 1.74E+06  
best 5.84E+07 9.53E+07 4.65E+10 3.36E+07 1.75E+11 4.15E+08 9.81E+07 1.40E+07 2.18E+11 4.02E+05  
std 2.18E+07 1.06E+08 1.21E+10 1.15E+08 1.75E+10 2.64E+09 1.01E+08 1.36E+07 9.31E+09 8.69E+05 

Continued on next page 

            



5573 

Electronic Research Archive                                                                         Volume 33, Issue 9, 5536-5590. 

            

F13 avg 3.04E+04 5.99E+04 1.05E+10 1.40E+04 4.43E+10 1.43E+07 2.24E+05 1.37E+04 6.24E+10 9.34E+03  
best 2.15E+04 2.78E+04 6.05E+09 7.41E+03 2.99E+10 1.08E+05 1.12E+05 2.48E+03 3.91E+10 3.34E+03  
std 4.51E+03 2.24E+04 2.68E+09 4.22E+03 5.67E+09 6.42E+07 7.71E+04 2.08E+04 7.33E+09 4.10E+03 

F14 avg 6.01E+05 1.59E+06 4.58E+07 6.34E+05 8.81E+07 7.39E+06 1.19E+05 1.43E+06 1.55E+08 1.47E+04  
best 1.93E+05 5.64E+05 2.43E+07 2.33E+05 5.27E+07 3.85E+06 2.14E+03 3.17E+05 8.34E+07 2.21E+03  
std 2.07E+05 7.49E+05 1.27E+07 2.61E+05 2.53E+07 2.26E+06 3.67E+05 7.57E+05 4.17E+07 1.12E+04 

F15 avg 2.41E+04 5.70E+04 3.49E+09 4.72E+03 1.82E+10 3.13E+06 1.22E+04 6.89E+03 1.93E+10 4.35E+03  
best 1.65E+04 2.65E+04 1.76E+09 2.18E+03 1.24E+10 1.35E+04 7.94E+03 1.96E+03 1.16E+10 1.96E+03  
std 4.78E+03 2.39E+04 1.19E+09 2.89E+03 3.71E+09 1.18E+07 3.06E+03 7.56E+03 3.23E+09 4.01E+03 

F16 avg 4.08E+03 5.53E+03 1.46E+04 5.79E+03 2.28E+04 7.20E+03 5.67E+03 4.85E+03 1.87E+04 5.54E+03  
best 3.17E+03 4.12E+03 1.18E+04 3.87E+03 1.95E+04 5.52E+03 4.40E+03 3.32E+03 1.64E+04 3.45E+03  
std 4.86E+02 6.44E+02 1.15E+03 7.74E+02 2.14E+03 7.88E+02 6.51E+02 6.19E+02 1.13E+03 1.14E+03 

F17 avg 3.53E+03 5.04E+03 2.02E+04 4.84E+03 1.39E+06 5.67E+03 4.68E+03 4.33E+03 1.16E+06 4.71E+03  
best 2.62E+03 3.97E+03 9.12E+03 3.88E+03 1.71E+05 4.10E+03 3.82E+03 3.47E+03 2.20E+05 2.94E+03  
std 3.43E+02 5.59E+02 9.54E+03 4.72E+02 8.71E+05 6.33E+02 4.76E+02 6.03E+02 5.00E+05 7.52E+02 

F18 avg 7.61E+05 2.17E+06 7.72E+07 7.94E+05 1.74E+08 6.89E+06 4.83E+04 2.36E+06 2.95E+08 8.40E+04  
best 2.77E+05 4.32E+05 3.00E+07 3.71E+05 1.04E+08 1.94E+06 3.26E+04 5.77E+05 1.66E+08 2.85E+04  
std 2.94E+05 1.30E+06 2.79E+07 3.42E+05 3.72E+07 3.53E+06 9.58E+03 1.19E+06 7.37E+07 3.77E+04 

F19 avg 1.01E+06 1.67E+06 3.82E+09 4.95E+03 1.76E+10 2.49E+06 1.79E+04 7.57E+03 1.88E+10 4.23E+03  
best 4.56E+05 1.37E+05 2.47E+09 2.21E+03 1.15E+10 3.56E+04 7.95E+03 2.14E+03 1.05E+10 2.23E+03  
std 4.19E+05 1.23E+06 6.63E+08 4.25E+03 3.21E+09 1.17E+07 7.59E+03 7.14E+03 3.33E+09 2.48E+03 

F20 avg 3.81E+03 5.18E+03 7.87E+03 6.60E+03 7.71E+03 5.58E+03 4.69E+03 4.44E+03 8.32E+03 5.69E+03  
best 3.13E+03 4.48E+03 7.28E+03 4.09E+03 7.13E+03 4.51E+03 3.87E+03 3.29E+03 7.78E+03 3.84E+03  
std 3.51E+02 5.03E+02 2.07E+02 7.65E+02 2.19E+02 4.94E+02 3.69E+02 6.06E+02 2.57E+02 4.54E+02 

F21 avg 2.45E+03 2.94E+03 4.05E+03 2.91E+03 4.87E+03 3.61E+03 2.94E+03 2.69E+03 4.80E+03 2.72E+03  
best 2.43E+03 2.78E+03 3.91E+03 2.75E+03 4.70E+03 3.35E+03 2.82E+03 2.56E+03 4.64E+03 2.48E+03  
std 1.35E+01 9.11E+01 9.11E+01 5.89E+01 1.09E+02 1.35E+02 6.74E+01 5.88E+01 8.87E+01 5.36E+01 

F22 avg 1.45E+04 1.81E+04 3.48E+04 2.68E+04 3.49E+04 2.47E+04 2.32E+04 1.74E+04 3.49E+04 2.20E+04 
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best 2.30E+03 1.52E+04 3.37E+04 3.38E+03 3.42E+04 1.90E+04 2.04E+04 1.54E+04 3.28E+04 2.06E+04  
std 2.70E+03 1.32E+03 3.97E+02 1.07E+04 4.30E+02 2.03E+03 1.36E+03 1.34E+03 5.71E+02 1.19E+03 

F23 avg 3.05E+03 3.57E+03 4.60E+03 3.59E+03 6.64E+03 4.13E+03 3.48E+03 3.16E+03 4.93E+03 3.15E+03  
best 3.01E+03 3.38E+03 4.37E+03 3.39E+03 6.08E+03 3.85E+03 3.32E+03 3.05E+03 4.76E+03 3.10E+03  
std 2.59E+01 1.18E+02 1.40E+02 9.81E+01 3.28E+02 1.55E+02 1.69E+02 6.57E+01 7.41E+01 2.51E+01 

F24 avg 3.44E+03 4.19E+03 5.33E+03 4.25E+03 1.09E+04 4.97E+03 3.90E+03 3.68E+03 6.27E+03 3.64E+03  
best 3.38E+03 3.90E+03 5.10E+03 4.00E+03 9.71E+03 4.59E+03 3.74E+03 3.55E+03 5.98E+03 3.48E+03  
std 2.84E+01 1.40E+02 2.06E+02 1.46E+02 8.00E+02 2.80E+02 7.60E+01 8.73E+01 1.56E+02 7.25E+01 

F25 avg 3.32E+03 3.47E+03 2.11E+04 3.89E+03 5.99E+04 6.09E+03 3.80E+03 3.51E+03 3.59E+04 3.32E+03  
best 3.18E+03 3.35E+03 1.65E+04 3.67E+03 5.21E+04 4.49E+03 3.63E+03 3.35E+03 3.59E+04 3.19E+03  
std 5.67E+01 6.62E+01 2.01E+03 1.55E+02 4.19E+03 8.72E+02 1.02E+02 8.47E+01 2.22E-11 6.27E+01 

F26 avg 6.81E+03 1.29E+04 3.53E+04 2.07E+04 5.25E+04 2.47E+04 1.21E+04 1.20E+04 3.74E+04 9.39E+03  
best 2.90E+03 2.97E+03 2.43E+04 1.54E+04 4.24E+04 2.08E+04 5.05E+03 8.99E+03 3.37E+04 7.19E+03  
std 1.17E+03 4.49E+03 7.66E+03 3.42E+03 4.25E+03 2.19E+03 1.45E+03 2.39E+03 1.59E+03 8.81E+02 

F27 avg 3.50E+03 3.83E+03 5.35E+03 4.10E+03 1.16E+04 4.00E+03 3.56E+03 3.52E+03 7.46E+03 3.48E+03  
best 3.42E+03 3.64E+03 4.29E+03 3.68E+03 9.03E+03 3.64E+03 3.46E+03 3.41E+03 6.40E+03 3.39E+03  
std 4.04E+01 1.48E+02 6.32E+02 2.20E+02 1.02E+03 2.22E+02 5.96E+01 6.16E+01 5.08E+02 5.32E+01 

F28 avg 3.43E+03 3.56E+03 2.41E+04 4.35E+03 4.22E+04 6.90E+03 4.14E+03 3.62E+03 4.37E+04 3.43E+03  
best 3.39E+03 3.47E+03 1.81E+04 3.95E+03 3.78E+04 5.02E+03 3.75E+03 3.51E+03 4.37E+04 3.36E+03  
std 2.98E+01 4.39E+01 3.11E+03 2.36E+02 2.87E+03 1.19E+03 1.08E+03 4.87E+01 1.48E-11 4.38E+01 

F29 avg 6.44E+03 7.70E+03 2.64E+04 7.82E+03 3.92E+05 9.08E+03 6.83E+03 5.96E+03 9.02E+05 5.85E+03  
best 5.62E+03 6.05E+03 1.70E+04 6.71E+03 5.70E+04 7.40E+03 5.87E+03 4.80E+03 2.07E+05 4.34E+03  
std 4.18E+02 6.65E+02 6.08E+03 6.69E+02 2.08E+05 1.13E+03 4.38E+02 5.09E+02 4.54E+05 5.85E+02 

F30 avg 1.28E+07 3.43E+07 6.84E+09 9.52E+04 3.42E+10 6.68E+07 2.13E+06 3.20E+04 2.61E+10 1.04E+04  
best 6.43E+06 1.10E+07 3.94E+09 2.70E+04 2.24E+10 2.23E+06 8.00E+05 1.20E+04 1.89E+10 6.50E+03  
std 3.81E+06 1.57E+07 1.50E+09 6.53E+04 5.68E+09 1.68E+08 1.07E+06 1.39E+04 3.50E+09 4.06E+03 

+/≈/-  28/2/0 30/0/0 22/4/4 30/0/0 29/1/0 23/1/6 22/1/7 30/0/0 14/6/10 

Rank Avg 1 5 8 6 9 7 4 3 10 2 

Rank Best 2 5 8 6 9 7 4 3 10 1 
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Table 6. Experimental results of RLDN-AOO with other algorithms in 200 dimensions. 
  

RLDN-AOO AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-CMA-ES mLSHADE-SPACMA 

F1 avg 2.62E-03 3.17E+02 5.30E+05 5.33E+04 8.71E+05 2.04E+05 1.83E+04 1.11E+04 6.26E+05 4.95E+01  
best 1.06E-03 2.49E+02 4.98E+05 3.03E+04 8.33E+05 1.25E+05 1.32E+04 3.77E+03 6.26E+05 3.47E+01  
std 2.48E-03 6.49E+01 2.35E+04 1.55E+04 2.43E+04 5.69E+04 3.07E+03 5.46E+03 0.00E+00 2.35E+01 

F2 avg 7.41E+02 1.94E+04 1.33E+07 1.47E+06 2.18E+07 5.17E+06 4.91E+05 2.01E+05 1.57E+07 3.98E+03  
best 2.66E+02 1.38E+04 1.27E+07 9.88E+05 2.10E+07 3.38E+06 3.66E+05 3.57E+04 1.57E+07 3.09E+03  
std 3.64E+02 4.09E+03 4.90E+05 3.33E+05 5.99E+05 1.80E+06 9.26E+04 8.59E+04 0.00E+00 6.75E+02 

F3 avg 2.08E+01 2.07E+01 2.15E+01 2.15E+01 2.15E+01 2.09E+01 2.15E+01 2.10E+01 2.15E+01 2.14E+01  
best 2.05E+01 2.07E+01 2.14E+01 2.15E+01 2.14E+01 2.07E+01 2.14E+01 2.09E+01 2.15E+01 2.13E+01  
std 3.65E-01 3.18E-02 2.03E-02 5.77E-03 2.33E-02 1.56E-01 1.17E-02 4.41E-02 1.34E-02 7.49E-02 

F4 avg 1.33E-02 2.88E+00 3.13E+03 3.31E+02 4.94E+03 8.86E+02 1.06E+02 7.34E+01 3.63E+03 1.30E+00  
best 8.34E-03 2.21E+00 2.79E+03 2.33E+02 4.64E+03 6.31E+02 8.94E+01 2.59E+01 3.63E+03 1.15E+00  
std 4.36E-03 6.61E-01 2.14E+02 8.93E+01 1.65E+02 2.54E+02 2.05E+01 5.57E+01 9.72E-13 1.13E-01 

F5 avg 9.85E+02 1.44E+06 1.28E+11 1.36E+09 3.84E+12 1.62E+10 7.40E+08 1.04E+08 8.12E+10 2.99E+05  
best 1.99E+02 5.90E+05 9.95E+10 8.88E+08 3.06E+12 9.69E+09 4.89E+08 3.16E+07 8.12E+10 1.11E+05  
std 1.58E+03 7.34E+05 1.84E+10 5.18E+08 3.60E+11 4.61E+09 2.57E+08 6.06E+07 0.00E+00 1.43E+05 

F6 avg 2.66E+02 2.93E+02 3.50E+02 3.47E+02 3.49E+02 3.27E+02 3.46E+02 2.70E+02 3.51E+02 3.27E+02  
best 1.89E+02 2.72E+02 3.48E+02 3.40E+02 3.41E+02 3.10E+02 3.34E+02 2.56E+02 3.49E+02 2.91E+02  
std 5.11E+01 1.37E+01 1.97E+00 3.23E+00 4.05E+00 1.09E+01 6.19E+00 1.15E+01 1.93E+00 2.37E+01 

F7 avg 3.47E+04 3.65E+04 6.23E+04 3.86E+04 7.14E+04 4.78E+04 3.77E+04 3.63E+04 6.92E+04 3.36E+04  
best 3.41E+04 3.51E+04 5.78E+04 3.64E+04 6.95E+04 4.54E+04 3.66E+04 3.51E+04 6.87E+04 3.19E+04  
std 5.15E+02 9.82E+02 3.86E+03 1.16E+03 9.12E+02 1.97E+03 7.92E+02 8.99E+02 3.71E+02 7.99E+02 

F21 avg 1.15E+02 7.09E+02 8.63E+04 1.18E+03 1.98E+05 6.71E+03 7.99E+02 4.13E+02 2.08E+05 2.48E+02  
best 1.06E+02 5.61E+02 6.81E+04 8.14E+02 1.87E+05 3.48E+03 7.01E+02 2.84E+02 2.08E+05 1.82E+02  
std 4.83E+00 1.07E+02 1.61E+04 2.36E+02 6.75E+03 3.75E+03 4.66E+01 7.60E+01 0.00E+00 4.52E+01 

Continued on next page 
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F22 avg 1.38E+02 7.71E+02 7.88E+04 1.47E+03 1.73E+05 7.13E+03 8.02E+02 4.13E+02 1.87E+05 2.97E+02  
best 1.20E+02 4.58E+02 5.30E+04 1.00E+03 1.68E+05 3.85E+03 6.90E+02 3.35E+02 1.87E+05 2.02E+02  
std 1.18E+01 1.69E+02 1.41E+04 5.40E+02 7.11E+03 3.26E+03 5.14E+01 6.95E+01 0.00E+00 7.70E+01 

F23 avg 6.08E+04 1.12E+05 1.14E+10 3.32E+06 5.21E+10 2.65E+08 4.26E+05 1.52E+05 8.00E+10 7.93E+03  
best 5.51E+04 7.30E+04 7.16E+09 6.00E+05 4.44E+10 1.38E+07 2.61E+05 1.81E+04 8.00E+10 1.20E+03  
std 2.43E+03 2.18E+04 3.09E+09 4.21E+06 4.56E+09 6.16E+08 1.10E+05 1.21E+05 0.00E+00 6.90E+03 

+/≈/-  8/2/0 10/0/0 10/0/0 10/0/0 9/1/0 10/0/0 7/3/0 10/0/0 8/0/2 

Rank Avg 1 3 8 6 9 7 5 4 10 2 

Rank Best 1 3 8 6 9 6 5 4 10 2 

Table 7. Experimental results of RLDN-AOO with other algorithms in 500 dimensions. 
  

RLDN-AOO AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-CMA-ES mLSHADE-SPACMA 

F1 avg 4.35E+00 7.88E+04 1.59E+06 5.71E+05 2.44E+06 1.08E+06 3.09E+05 3.56E+05 1.62E+06 1.70E+04  
best 1.37E-01 6.83E+04 1.57E+06 5.05E+05 2.38E+06 9.80E+05 2.87E+05 2.79E+05 1.62E+06 1.43E+04  
std 4.47E+00 7.09E+03 1.55E+04 3.16E+04 3.03E+04 5.83E+04 1.67E+04 4.14E+04 2.49E-10 2.22E+03 

F2 avg 1.66E+03 9.51E+04 1.50E+06 6.18E+05 2.35E+06 9.80E+05 2.95E+05 3.47E+05 1.53E+06 2.50E+04  
best 1.16E+03 8.15E+04 1.46E+06 5.22E+05 2.30E+06 8.17E+05 2.54E+05 2.63E+05 1.53E+06 2.10E+04  
std 3.94E+02 7.22E+03 2.08E+04 4.50E+04 2.95E+04 8.38E+04 2.66E+04 4.59E+04 0.00E+00 3.43E+03 

F3 avg 1.42E+01 2.09E+01 2.16E+01 2.10E+01 2.16E+01 2.07E+01 2.07E+01 2.04E+01 2.12E+01 2.13E+01  
best 1.94E+00 2.09E+01 2.16E+01 2.09E+01 2.16E+01 2.06E+01 2.05E+01 2.02E+01 2.12E+01 2.06E+01  
std 6.52E+00 3.38E-02 9.70E-03 3.65E-02 5.98E-03 7.76E-02 1.14E-01 2.67E-01 0.00E+00 2.92E-01 

F4 avg 6.75E-02 2.23E+01 4.07E+02 1.44E+02 6.00E+02 2.66E+02 7.59E+01 9.46E+01 4.16E+02 5.29E+00  
best 3.97E-02 1.83E+01 3.95E+02 1.37E+02 5.71E+02 2.42E+02 6.71E+01 7.98E+01 4.16E+02 4.58E+00  
std 2.51E-02 4.15E+00 7.65E+00 5.86E+00 1.65E+01 1.50E+01 4.92E+00 1.05E+01 6.08E-14 4.85E-01 

F5 avg 4.92E+03 4.73E+08 2.95E+10 1.85E+09 8.11E+11 7.91E+09 1.43E+09 1.17E+09 1.37E+10 3.34E+07  
best 1.78E+03 3.11E+08 2.63E+10 1.65E+09 7.79E+11 7.24E+09 1.25E+09 7.60E+08 1.37E+10 2.39E+07  
std 4.74E+03 1.03E+08 3.45E+09 1.48E+08 2.91E+10 6.06E+08 1.70E+08 3.24E+08 2.04E-06 5.51E+06 

Continued on next page 



5577 

Electronic Research Archive                                                                         Volume 33, Issue 9, 5536-5590. 

            

F6 avg 7.99E+02 8.31E+02 9.20E+02 9.14E+02 9.21E+02 8.87E+02 9.15E+02 7.90E+02 9.24E+02 8.40E+02  
best 7.00E+02 7.90E+02 9.14E+02 9.07E+02 9.17E+02 8.41E+02 8.98E+02 7.58E+02 9.19E+02 8.20E+02  
std 5.81E+01 2.32E+01 4.64E+00 4.64E+00 3.99E+00 2.23E+01 7.77E+00 2.01E+01 2.80E+00 2.58E+01 

F7 avg 1.04E+05 1.13E+05 1.64E+05 1.24E+05 1.94E+05 1.46E+05 1.23E+05 1.08E+05 1.89E+05 1.03E+05  
best 1.01E+05 1.09E+05 1.57E+05 1.17E+05 1.91E+05 1.44E+05 1.17E+05 1.06E+05 1.87E+05 9.92E+04  
std 2.04E+03 2.32E+03 5.42E+03 4.19E+03 1.24E+03 2.65E+03 4.51E+03 1.56E+03 1.32E+03 1.89E+03 

F21 avg 2.99E+02 4.23E+03 3.64E+05 2.53E+04 5.51E+05 1.00E+05 7.15E+03 4.21E+03 4.57E+05 1.72E+03  
best 2.80E+02 3.60E+03 3.49E+05 2.05E+04 5.22E+05 5.59E+04 5.61E+03 2.57E+03 4.57E+05 9.31E+02  
std 1.37E+01 5.04E+02 1.21E+04 5.42E+03 1.86E+04 2.33E+04 1.09E+03 8.82E+02 0.00E+00 5.90E+02 

F22 avg 2.71E+02 4.21E+03 3.81E+05 2.54E+04 6.34E+05 1.02E+05 7.15E+03 4.86E+03 5.05E+05 1.79E+03  
best 2.43E+02 3.48E+03 3.59E+05 1.70E+04 6.00E+05 7.94E+04 6.61E+03 3.05E+03 5.05E+05 1.24E+03  
std 3.18E+01 6.11E+02 2.07E+04 6.09E+03 1.91E+04 2.46E+04 4.36E+02 1.37E+03 6.22E-11 3.50E+02 

F23 avg 1.21E+02 1.21E+02 1.22E+02 1.22E+02 1.22E+02 1.21E+02 1.22E+02 1.21E+02 1.22E+02 1.21E+02  
best 1.20E+02 1.21E+02 1.22E+02 1.22E+02 1.22E+02 1.21E+02 1.21E+02 1.21E+02 1.22E+02 1.21E+02  
std 3.64E-01 2.26E-02 7.34E-03 1.08E-02 8.54E-03 8.08E-02 8.71E-02 3.86E-02 1.17E-02 2.20E-02 

+/≈/-  8/2/0 10/0/0 10/0/0 10/0/0 9/1/0 10/0/0 8/2/0 10/0/0 7/2/1 

Rank Avg 1 3 8 6 10 7 5 4 9 2 

Rank Best 1 4 8 6 10 6 5 3 9 2 
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The RLDN-AOO algorithm exhibits outstanding optimization performance across diverse test 
functions. Owing to the strengths inherent in its strategic design and operational mechanisms, the 
proposed algorithm achieves notably superior results in locating optimal values compared to other 
comparable algorithms, demonstrating remarkable competitiveness. 

To further test the time performance of the RLDN-AOO algorithm, we compare the running time 
of the RLDN-AOO algorithm with the algorithm with the same strategy or with advantages in dealing 
with high-dimensional complex problems. Tables 8–11 show the test results in CEC2017 in 50, 100, 200, 
and 500 dimensions. Overall, the RLDN-AOO algorithm ranks 9th, 7th, 8th, and 6th, respectively. 
Specifically, the RLDN-AOO algorithm has certain advantages over the RLNNA and RLTLBO 
algorithms using reinforcement learning strategies in some dimensions; using the MAB strategy, 
the RLDN-AOO algorithm is about 0.56 times and 0.64 times that of the RLNNA algorithm, and 
about 0.98 times and 0.79 times that of RLTLBO in lower dimensions (50D, 100D). At higher 
dimensions (200D, 500D), it is about 1.48 and 1.02 times that of the RLNNA algorithm, and about 0.44 
and 0.21 times that of RLTLBO. Compared with NCOA and NSSA, which also use niche measurement 
mechanisms, the RLDN-AOO algorithm is relatively time-consuming. Compared with SBOA, LRA-
CMA-ES, and mLSHADE-SPACMA, which have certain advantages in dealing with high-
dimensional complex optimization problems, the RLDN-AOO algorithm is relatively time-consuming.  

The addition of a reinforcement learning strategy obviously greatly increases the time cost, but 
we introduced the AOO algorithm as a selection arm of the MAB strategy through the fine design of 
the optimization process and the specific optimization implementation. To ensure that the optimization 
performance reduction is minimized, the time bottleneck of the RLDN-AOO algorithm is weakened 
as much as possible, so that the RLDN-AOO algorithm not only has an advantage in the best 
adaptability but also has a certain advantage in time overhead compared with similar algorithms that 
use a reinforcement learning strategy. 

Table 8. Time results of RLDN-AOO with other algorithms in 50 dimensions. 
 

RLDN-

AOO 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE-

SPACMA 

F1 9.44 1.77 11.92 3.25 3.09 1.96 6.41 2.12 3.01 1.51 

F2 7.14 1.78 13.74 3.71 3.23 1.83 6.26 2.64 3.90 1.55 

F3 6.08 1.32 13.39 3.09 3.19 1.78 6.05 2.07 2.39 1.11 

F4 5.78 1.30 13.18 2.93 2.59 1.52 5.62 2.09 2.45 1.06 

F5 6.44 1.51 13.60 4.18 3.11 3.58 6.12 2.54 2.85 1.38 

F6 7.33 2.30 14.36 8.40 3.70 2.79 7.73 4.31 3.66 1.85 

F7 6.60 1.52 13.48 4.19 3.00 3.53 6.05 2.62 2.85 1.40 

F8 6.42 1.52 13.57 4.20 2.92 2.55 6.00 2.57 2.99 1.33 

F9 5.88 1.49 13.56 4.12 2.84 3.05 5.98 2.51 2.96 1.33 

F10 6.71 1.69 13.78 5.16 3.16 2.08 6.50 3.00 3.25 1.60 

F11 6.23 1.45 13.67 3.72 3.05 1.63 5.99 2.36 3.21 1.29 

F12 6.74 1.67 14.10 4.62 2.99 1.95 6.30 2.76 3.03 1.39 

F13 6.40 1.44 13.74 3.69 2.72 1.70 5.98 2.42 2.59 1.13 

F14 6.94 1.78 14.11 5.27 3.15 2.03 6.54 3.00 3.17 1.35 

F15 6.40 1.41 13.80 3.36 2.82 1.58 5.66 2.17 2.85 1.14 

Continued on next page 
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F16 6.56 1.52 13.88 3.96 2.93 1.68 6.00 2.52 3.27 1.31 

F17 7.38 2.16 14.66 7.23 3.64 2.53 7.32 3.86 3.57 1.78 

F18 6.59 1.51 13.90 4.00 3.06 1.75 5.91 2.52 3.00 1.19 

F19 11.26 5.52 18.06 23.96 7.53 6.90 14.05 10.34 6.93 4.02 

F20 10.49 2.34 14.93 8.04 3.80 2.74 7.66 4.15 3.87 1.96 

F21 7.68 2.50 14.79 9.14 4.31 3.01 8.01 4.50 4.18 2.11 

F22 7.67 2.66 15.03 10.11 4.28 3.24 8.37 4.91 4.30 2.21 

F23 8.30 3.00 15.11 11.62 4.82 3.69 9.11 5.56 4.89 2.57 

F24 8.83 3.36 15.39 13.47 5.37 4.27 10.30 6.36 5.24 2.76 

F25 7.90 2.73 15.27 10.37 4.45 3.47 8.52 4.99 4.28 2.17 

F26 8.54 3.43 15.96 14.50 5.69 5.12 11.51 7.07 5.36 2.71 

F27 8.99 3.92 15.72 16.65 5.63 4.88 11.14 7.45 5.56 2.97 

F28 7.74 3.11 15.17 12.68 4.80 3.97 9.41 5.83 4.58 2.32 

F29 7.87 2.90 15.06 11.34 4.50 3.58 8.97 5.33 4.25 2.17 

F30 11.55 6.24 18.43 28.12 8.14 7.73 15.55 11.83 7.28 4.28 

Ran

k 

9 2 10 7 6 3 8 5 4 1 

Table 9. Time results of RLDN-AOO with other algorithms in 100 dimensions. 
 

RLDN-

AOO 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE-

SPACMA 

F1 11.36 2.89 15.56 7.12 6.06 3.48 12.34 4.02 8.13 8.40 

F2 10.97 3.40 19.19 8.45 5.87 3.29 12.59 4.63 8.99 8.55 

F3 10.72 2.82 17.99 6.97 5.11 3.13 11.77 3.92 7.82 6.88 

F4 9.22 2.76 17.63 6.91 4.90 2.65 11.52 3.84 6.71 6.97 

F5 10.75 3.20 17.92 9.01 5.76 5.28 12.21 4.97 7.03 7.90 

F6 13.11 4.59 19.13 17.50 6.71 5.55 15.60 8.46 9.00 8.18 

F7 11.50 3.22 17.99 9.45 5.57 5.44 12.36 4.84 7.46 7.56 

F8 10.53 3.05 18.20 9.25 5.65 5.13 12.24 4.93 7.41 7.30 

F9 11.34 3.29 18.10 9.34 5.47 5.69 12.27 4.87 7.02 7.38 

F10 11.31 3.40 18.15 11.37 5.70 3.85 13.25 5.74 7.88 7.52 

F11 10.65 3.04 17.95 7.96 5.70 3.01 12.18 4.30 6.80 7.24 

F12 10.49 3.18 17.87 9.91 5.50 3.38 12.62 5.18 7.52 7.29 

F13 10.97 3.00 17.94 8.05 4.97 2.92 11.98 4.31 6.80 7.40 

F14 12.21 3.70 17.97 11.49 5.72 3.77 13.20 5.85 7.19 7.29 

F15 10.58 3.02 17.78 7.61 5.20 2.74 11.81 4.20 6.64 6.45 

F16 11.11 2.94 17.83 8.92 5.08 3.12 12.19 4.76 6.97 7.21 

F17 13.37 4.20 18.72 14.72 6.61 4.56 14.59 7.36 8.59 7.91 

F18 11.33 3.09 17.95 8.94 5.41 3.21 12.17 4.66 7.91 6.98 

F19 21.32 11.02 24.03 47.03 15.21 13.45 27.19 19.75 15.46 10.83 

F20 23.04 4.39 18.90 16.32 6.84 5.21 15.16 7.88 9.05 8.17 

F21 13.78 5.72 19.68 22.97 8.93 6.74 17.67 10.53 10.19 8.66 

Continued on next page 
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F22 15.07 6.20 20.03 24.59 9.55 7.39 18.35 11.04 10.81 9.01 

F23 15.26 7.11 19.89 28.87 10.41 8.40 19.89 12.77 11.29 9.25 

F24 15.98 7.70 19.73 31.89 11.29 9.08 21.18 13.80 12.08 9.19 

F25 14.78 6.97 20.79 28.47 10.37 8.43 19.98 12.58 11.71 9.16 

F26 17.62 8.42 21.18 35.71 11.83 10.27 22.74 15.43 12.74 9.67 

F27 19.47 10.00 22.09 42.47 14.38 11.93 25.56 17.97 14.52 9.98 

F28 16.65 8.32 21.81 35.42 13.02 10.18 22.72 15.34 13.05 9.74 

F29 14.68 6.46 20.39 26.40 9.64 7.86 19.07 11.81 10.91 8.77 

F30 23.45 13.25 25.97 59.09 17.72 16.62 31.92 24.62 17.64 11.91 

Rank 7 1 10 8 3 2 9 4 6 5 

Table 10. Time results of RLDN-AOO with other algorithms in 200 dimensions. 
 

RLDN-

AOO 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE-

SPACMA 

F1 339.93 5.60 306.66 1143.99 426.65 295.36 507.04 481.10 16.54 18.31 

F2 395.83 5.87 366.90 1135.46 450.03 305.86 507.89 482.24 13.51 13.00 

F3 432.41 5.80 265.44 1113.33 557.09 257.99 447.27 426.66 18.92 23.35 

F4 519.53 5.51 365.29 1149.67 453.59 292.80 513.83 489.90 21.23 20.98 

F5 464.68 5.78 310.04 1085.85 409.15 294.74 498.84 487.07 17.50 20.79 

F6 326.69 18.05 290.25 1321.86 366.71 299.01 517.06 523.69 38.75 42.32 

F7 446.05 5.96 388.22 1057.63 542.23 259.38 441.20 423.52 15.93 18.25 

F21 683.69 6.63 444.21 1338.65 657.84 334.31 554.22 540.62 15.43 19.23 

F22 681.43 6.82 434.34 1342.31 656.64 334.05 553.45 548.75 12.65 12.66 

F23 673.81 6.89 443.03 1410.95 657.93 363.02 585.20 580.99 11.39 9.79 

Rank 8 1 5 10 7 4 9 6 2 3 

Table 11. Time results of RLDN-AOO with other algorithms in 500 dimensions. 
 

RLDN-

AOO 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE-

SPACMA 

F1 531.83  11.11  508.39  2459.38  516.76  623.72  1015.50  997.99  140.41  53.23  

F2 615.84  12.87  541.20  2845.72  538.73  656.00  1053.92  1030.55  129.66  44.02  

F3 566.41  11.54  551.79  2636.21  516.16  629.77  1210.01  1174.39  148.56  67.60  

F4 575.54  12.87  601.67  2793.62  551.11  701.04  1149.37  1074.73  134.21  48.26  

F5 546.56  11.72  585.27  2784.94  606.48  744.40  1059.97  1182.54  144.16  47.29  

F6 714.68  70.65  717.40  3330.25  700.24  780.36  1265.54  1229.90  160.68  67.82  

F7 525.56  11.35  515.36  2796.88  526.26  687.32  1087.36  995.29  124.56  39.05  

F21 557.22  11.81  544.05  2629.96  549.93  655.33  1071.92  1050.09  122.63  39.26  

F22 549.88  11.86  533.37  2603.58  548.90  652.31  1073.78  1051.55  124.04  40.51  

F23 548.82  13.08  539.27  2640.47  548.65  638.94  1086.37  1061.76  126.89  49.88  

Rank 6 1 4 10 5 7 9 8 3 2 
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4.5. Wilcoxon signed-rank test 

In order to verify the credibility of the experimental results and confirm the initial hypothesis, 
this section compares the RLDN-AOO algorithm with other algorithms using the Wilcoxon signed-
rank test, thus determining the uniqueness and superiority of the algorithm's results. 

Widely applied in statistics, the Wilcoxon signed-rank test originates from the sign test for paired 
observations and serves to assess whether two independent samples differ in their distributional 
location. It determines whether the median of the two sets of data is significantly different, rather than 
directly comparing the means. The Wilcoxon signed-rank test is nonparametric because it does not 
require assumptions about the form of the measured distribution. 

Tables 12–15 show the p-value in different dimensions, with the nonparametric Wilcoxon signed-
rank sum test at a significance level of 0.05. The evidence presented by these findings strongly 
indicates that the RLDN-AOO algorithm has a statistically significant advantage in most test scenarios. 
In addition, in the comparative analysis involving RLNNA, NCOA, and LRA-CMA-ES in 50 and 100 
dimensions, RLNNA, RLTLBO, NCOA, MMPA, LRA-CMA-ES, and mLSHADE-SPACMA in 200 
dimensions, and RLNNA, RLTLBO, NCOA, MMPA, and mLSHADE-SPACMA in 500 dimensions, 
the p-values obtained were all less than 0.05. This strongly proves the innovation of the RLDN-AOO 
algorithm architecture. These findings prove that the RLDN-AOO algorithm has good generalization 
ability and robustness and show its innovation in the field of optimization algorithms. 

Table 12. CEC2017 (50D) Wilcoxon signed-rank test results of the compared algorithms. 
 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE

-SPACMA 

F1 2.15E-10 3.02E-11 5.57E-10 3.02E-11 3.02E-11 3.02E-11 7.98E-02 3.02E-11 3.02E-11 

F2 9.76E-10 3.02E-11 8.99E-11 3.02E-11 3.02E-11 3.02E-11 8.99E-11 3.02E-11 1.20E-08 

F3 3.37E-05 3.02E-11 2.15E-10 3.02E-11 3.02E-11 3.02E-11 9.00E-01 3.02E-11 1.95E-03 

F4 4.11E-07 3.02E-11 8.15E-05 3.02E-11 2.61E-10 2.01E-01 7.28E-01 3.02E-11 1.71E-01 

F5 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 5.08E-03 

F6 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.69E-11 3.02E-11 2.00E-05 

F7 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 5.53E-08 

F8 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.08E-02 

F9 3.02E-11 3.02E-11 3.02E-11 3.01E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 

F10 5.53E-08 3.02E-11 3.02E-11 3.02E-11 4.50E-11 2.44E-09 1.17E-04 3.02E-11 1.07E-09 

F11 7.04E-07 3.02E-11 1.84E-02 3.02E-11 3.02E-11 9.53E-07 1.33E-02 3.02E-11 9.05E-02 

F12 4.18E-09 3.02E-11 2.44E-09 3.02E-11 5.07E-10 5.49E-11 3.26E-07 3.02E-11 3.02E-11 

F13 4.69E-08 3.02E-11 3.02E-11 3.02E-11 9.35E-01 3.02E-11 8.10E-10 3.02E-11 3.02E-11 

F14 3.02E-11 3.02E-11 1.89E-04 3.02E-11 3.02E-11 3.02E-11 1.85E-08 3.02E-11 3.02E-11 

F15 7.60E-07 3.02E-11 6.53E-07 3.02E-11 8.53E-01 3.02E-11 4.71E-04 3.02E-11 3.02E-11 

F16 1.96E-10 3.02E-11 2.02E-08 3.02E-11 4.50E-11 9.53E-07 1.10E-08 3.02E-11 2.60E-05 

F17 2.03E-09 3.02E-11 6.53E-07 3.02E-11 2.15E-10 1.52E-03 7.29E-03 3.02E-11 3.51E-02 

F18 2.38E-07 3.02E-11 1.19E-01 3.02E-11 3.34E-11 3.02E-11 9.83E-08 3.02E-11 3.02E-11 

F19 2.92E-02 3.02E-11 3.02E-11 3.02E-11 8.15E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 

F20 1.01E-08 3.02E-11 5.60E-07 3.02E-11 3.02E-11 8.12E-04 1.26E-01 3.02E-11 2.57E-07 

Continued on next page 
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F21 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 8.89E-10 

F22 1.01E-08 2.87E-10 8.07E-01 3.02E-11 2.39E-08 7.09E-08 9.47E-03 3.02E-11 7.24E-02 

F23 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 9.92E-11 3.02E-11 1.78E-10 

F24 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 8.10E-10 3.02E-11 2.92E-09 

F25 1.09E-05 3.02E-11 6.07E-11 3.02E-11 3.02E-11 3.52E-07 2.23E-09 3.02E-11 5.30E-01 

F26 8.89E-10 3.02E-11 2.37E-10 3.02E-11 5.49E-11 3.02E-11 1.69E-09 3.02E-11 8.99E-11 

F27 4.50E-11 3.02E-11 3.34E-11 3.02E-11 3.02E-11 3.18E-04 1.41E-04 3.02E-11 1.33E-02 

F28 9.06E-08 3.02E-11 3.02E-11 3.02E-11 3.02E-11 2.01E-04 2.68E-06 3.02E-11 1.78E-04 

F29 6.70E-11 3.02E-11 2.15E-10 3.01E-11 3.02E-11 4.73E-01 9.88E-03 3.02E-11 1.29E-09 

F30 4.38E-01 3.02E-11 3.02E-11 3.02E-11 1.01E-08 3.02E-11 3.02E-11 3.02E-11 3.02E-11 

Count 1 0 2 0 2 2 4 0 4 

Table 13. CEC2017 (100D) Wilcoxon signed-rank test results of the compared algorithms. 
 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE

-SPACMA 

F1 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 2.17E-01 

F2 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 

F3 1.22E-01 3.02E-11 1.78E-10 3.02E-11 3.02E-11 3.02E-11 8.88E-06 3.02E-11 1.95E-03 

F4 7.38E-10 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 6.10E-01 

F5 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 2.89E-03 

F6 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 4.12E-06 

F7 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 3.02E-11 

F8 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 2.50E-03 

F9 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 9.82E-01 

F10 8.48E-09 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.09E-05 3.02E-11 3.02E-11 

F11 2.17E-01 3.02E-11 2.97E-01 3.02E-11 3.02E-11 2.34E-01 2.57E-07 3.02E-11 1.03E-02 

F12 5.57E-10 3.02E-11 1.05E-01 3.02E-11 3.02E-11 4.20E-10 4.50E-11 3.16E-12 3.02E-11 

F13 2.44E-09 3.02E-11 5.49E-11 3.02E-11 3.02E-11 3.02E-11 9.76E-10 7.88E-12 3.02E-11 

F14 1.20E-08 3.02E-11 7.28E-01 3.02E-11 3.02E-11 8.35E-08 2.78E-07 3.02E-11 3.02E-11 

F15 1.46E-10 3.02E-11 3.02E-11 3.02E-11 5.97E-09 7.39E-11 5.46E-09 3.02E-11 3.34E-11 

F16 2.03E-09 3.02E-11 2.03E-09 3.02E-11 3.02E-11 1.78E-10 5.46E-06 3.02E-11 5.46E-06 

F17 3.69E-11 3.02E-11 6.07E-11 3.02E-11 3.34E-11 1.21E-10 2.78E-07 3.02E-11 6.05E-07 

F18 1.11E-06 3.02E-11 8.19E-01 3.02E-11 3.02E-11 3.02E-11 1.29E-09 3.02E-11 3.02E-11 

F19 1.27E-02 3.02E-11 3.02E-11 3.02E-11 1.03E-06 3.02E-11 3.02E-11 3.02E-11 3.02E-11 

F20 4.50E-11 3.02E-11 5.49E-11 3.02E-11 3.34E-11 1.07E-09 7.66E-05 3.02E-11 1.09E-10 

F21 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.69E-11 

F22 1.41E-09 3.02E-11 2.43E-05 3.02E-11 3.02E-11 3.02E-11 1.56E-08 3.02E-11 3.02E-11 

F23 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 4.62E-10 3.02E-11 3.34E-11 

F24 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.34E-11 

F25 2.37E-10 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.61E-10 1.21E-12 9.12E-01 

F26 4.74E-06 3.02E-11 3.02E-11 3.02E-11 3.02E-11 4.20E-10 3.02E-11 3.02E-11 1.21E-10 

F27 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.56E-04 2.17E-01 3.02E-11 7.24E-02 

Continued on next page 
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F28 5.49E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 1.21E-12 9.23E-01 

F29 2.44E-09 3.02E-11 2.37E-10 3.02E-11 3.34E-11 5.26E-04 1.58E-04 3.02E-11 9.21E-05 

F30 9.26E-09 3.02E-11 3.02E-11 3.02E-11 8.53E-01 3.02E-11 3.02E-11 3.02E-11 3.02E-11 

Count 2 0 4 0 1 1 1 0 6 

Table 14. CEC2017 (200D) Wilcoxon signed-rank test results of the compared algorithms. 
 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE

-SPACMA 

F1 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F2 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F3 4.42E-01 1.55E-04 1.55E-04 1.55E-04 4.42E-01 1.55E-04 4.42E-01 1.55E-04 1.55E-04 

F4 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F5 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F6 5.74E-01 1.55E-04 1.55E-04 1.55E-04 6.22E-04 1.55E-04 9.59E-01 1.55E-04 6.99E-03 

F7 6.22E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 6.22E-04 1.55E-04 1.86E-03 

F21 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F22 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F23 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 4.42E-01 1.55E-04 1.55E-04 

Count 2 0 0 0 1 0 3 0 0 

Table 15. CEC2017 (500D) Wilcoxon signed-rank test results of the compared algorithms. 
 

AOO RLNNA RLTLBO NCOA NSSA MMPA SBOA LRA-

CMA-ES 

mLSHADE

-SPACMA 

F1 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F2 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F3 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F4 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F5 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F6 5.74E-01 1.55E-04 1.55E-04 1.55E-04 1.09E-03 1.55E-04 9.59E-01 1.55E-04 2.79E-01 

F7 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 3.11E-04 1.55E-04 1.30E-01 

F21 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F22 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 1.55E-04 

F23 1.05E-01 1.55E-04 1.55E-04 1.55E-04 1.05E-01 6.22E-04 1.05E-01 1.55E-04 2.81E-02 

Count 2 0 0 0 1 0 2 0 2 

5. BP neural network optimization 

In the field of machine learning, optimizing backpropagation (BP) neural networks remains a 
critical challenge due to their widespread use in regression and prediction tasks across various domains 
such as energy forecasting, financial modeling, and industrial control. While BP networks are capable 
of approximating complex nonlinear relationships, their performance heavily relies on the appropriate 
setting of weights and biases. Traditional gradient-based training methods are often prone to falling 
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into local minima and present sensitivity to initial parameters and slow convergence, especially in 
networks with large architectures. These limitations necessitate the use of metaheuristic optimization 
algorithms to efficiently navigate the high-dimensional parameter space, achieve better generalization, 
and enhance the reliability of the trained models. This study addresses these inherent difficulties by 
employing and comparing multiple advanced optimization strategies to improve the learning process 
and output accuracy of BP networks. 

5.1. Mathematical model of BP neural network optimization 

5.1.1. Neural network forward propagation 

The output of the feedforward neural network is computed through the following layer-wise 
transformations: 

1 1( )a W x b  .                              (37) 

where x   represents the input feature vector, 1W   denotes the weight matrix connecting the input 
layer to the hidden layer, and 1b  is the bias vector of the hidden layer. The function   refers to the 
activation function.  

2 2y W a b                                   (38) 

where the hidden layer output a  is then propagated through the output layer using weight matrix 2W  
and bias 2b , yielding the final prediction y . 

5.1.2. Optimization objective function 

The goal of training is to minimize the total absolute error between predictions and true values: 


1
| |

N

i i
i

error y y


                               (39) 

where the loss function computes the sum of absolute differences across all N  training samples. 
Here, iy   is the predicted value from the neural network for the thi   sample, and iy   is the 
corresponding ground truth value. Minimizing this error encourages the model to produce predictions 
that are as close as possible to the actual targets. 

5.1.3. Search space formulation 

The optimization algorithm searches within a bounded continuous space: 

1 1 2 2,[ , , 5( ) ( ) ] [ ],5 Dx vec W b vec W b   ,                     (40) 

where the dimension ܦ is determined by: 

i h h h o oD n n n n n n      ,                           (41) 
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where the solution vector x  encodes all trainable parameters of the network: flattened weights and 
biases from both hidden and output layers. The dimension D   depends on the network structure, 
specifically the number of input in  , hidden hn  , and output on   neurons. Each variable in x   is 
constrained to the interval [−5,5] to limit the search space and avoid extreme parameter values. 

5.2. Parameter settings 

Table 16. BP neural network optimization of relevant parameters. 

Parameter Value 
Input nodes 2 
Output nodes 1 
Training set 190 
Testing set 10 
Population size 100 
Search space [-5,5] 
Training epochs 20 
Learning rate 0.01 
Target error 0.00001 
Display frequency 100 

In order to fully demonstrate the algorithm's ability to solve high-dimensional problems, we choose 
an hidden layer equal to 25, 50, 125, and 250, that is, the dimension is approximately equal to 100, 200, 
500, and 1000. 

5.3. Results and analysis 

In this experiment, the performance of different algorithms is compared by monitoring their 
optimum, average value, and running time in optimizing BP neural networks. 

In the selection of the comparison algorithm, we choose the basic algorithm AOO, RLNNA 
representing RL optimization, and NCOA using DN strategy. The LSHADE-SPACMA variant 
mLSHADE-SPACMA and the CMA-ES variant LRA-CMA-ES are two algorithms that can represent 
the latest state-of-the-art algorithms. The four algorithms that performed most poorly in the CEC test 
and did not adapt to the high-dimensional optimization problem were omitted. 

Table 17. The best value of the algorithms in different dimensions. 
 

100D 200D 500D 1000D 
RLDN-AOO 1.63E-02 2.02E-02 2.08E-02 1.30E-02 
AOOv4 2.50E-02 1.20E-01 2.81E-01 1.24E-01 
RLNNA 1.40E-01 2.09E-01 5.30E-01 4.86E-01 
NCOA 3.31E-01 3.98E-01 1.11E+00 1.79E+00 
mLSHADE-SPACMA 1.82E-02 2.79E-02 1.47E-02 1.32E-02 
LRA-CMA-ES 2.01E-01 2.01E+00 2.28E+00 2.66E+00 
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From Table 17, it can be seen that in terms of optimal values, the RLDN-AOO algorithm ranks 
first in 100, 200, and 1000 dimensions, and ranks second after mLSHADE-SPACMA in 500 
dimensions. It shows the excellent ability of algorithms in optimizing high-dimensional engineering. 

Table 18. Average of the algorithms in different dimensions. 
 

100D 200D 500D 1000D 
RLDN-AOO 1.87E-02 2.28E-02 2.17E-02 2.88E-02 
AOOv4 5.91E-02 4.15E-01 4.32E-01 2.11E-01 
RLNNA 1.64E-01 2.92E-01 5.51E-01 5.30E-01 
NCOA 3.31E-01 4.57E-01 1.25E+00 1.98E+00 
mLSHADE-SPACMA 2.67E-02 3.03E-02 1.75E-02 1.43E-02 
LRA-CMA-ES 2.53E-01 2.12E+00 2.30E+00 2.82E+00 

Table 18 shows the average value of algorithm optimization, which shows the excellent ability 
and stability of the RLDN-AOO algorithm in optimizing high-dimensional problems. The adaptability 
and stability of high-dimensional optimization engineering make the proposed algorithm competitive 
among similar RL optimization algorithms. 

Table 19. Time result of the algorithms in different dimensions. 
 

100D 200D 500D 1000D 
RLDN-AOO 3324.57  3388.09  4576.23  6227.13  
AOOv4 3289.88  3361.73  4649.66  6458.58  
RLNNA 3301.28  3364.53  4680.43  6522.26  
NCOA 3287.73  3364.49  4752.48  6704.48  
mLSHADE-SPACMA 2095.56  2274.29  3018.87  4095.75  
LRA-CMA-ES 3284.90  3525.40  5829.55  9451.95  

Table 19 shows the runtime of the algorithm. Although the RLDN-AOO algorithm performs 
well in terms of optimal and average values, there is still a gap between RLDN-AOO and the 
champion algorithm, mLSHADE-SPACMA, in terms of time cost, which is also a potential problem 
of RLDN-AOO. 

6. Conclusions 

This study proposes RLDN-AOO, an enhanced variant of the original AOO algorithm, 
specifically designed to address its limitations in HDO problems. The RLDN-AOO algorithm 
combines the strategy selection mechanism of the MAB with the adaptive division mechanism of 
dynamic niching, and proposes an RLDN collaborative optimization framework, which endows 
particles with high mobility and maintains population diversity in the later stages of iteration. At the 
same time, the optimization strategy in the AOO algorithm is retained as the decision-making arm of 
the MAB mechanism, which forms a co-evolution of spatial subdivision guidance strategy focus and 
strategy optimization feeding structure adjustment, and greatly enhances the adaptability in strategy 
switching. In addition, dynamic parameter adjustment across multiple niche stages enables more 



5587 

Electronic Research Archive                                Volume 33, Issue 9, 5536-5590. 

strategic position updates of particles. 
In order to comprehensively and quantitatively assess the RLDN-AOO algorithm’s performance, 

we employed the CEC2017 benchmarking suite. The findings indicate that RLDN-AOO demonstrates 
strong capabilities within high-dimensional, complex optimization landscapes, exhibiting superior 
convergence rates and solution precision compared to numerous established algorithms. Moreover, 
despite its notable strengths in solution quality and robustness, the long running time of the RLDN-
AOO algorithm is one of the bottlenecks that may occur in practical applications. Specifically, the 
RLDN-AOO algorithm adopts a more reasonable dynamic selection mechanism, the RLDN 
collaborative optimization framework, in the optimization process, which increases the computational 
burden. In addition, efforts will be made to adapt and deploy the algorithm in real-world applications, 
where practical constraints and dynamic environments pose additional challenges. 

Finally, we apply RLDN-AOO to BP neural network optimization problems, and in this high-
dimensional optimization project, RLDN-AOO fully demonstrates its exploration and exploitation 
capabilities, further confirming the excellent performance of the algorithm. 

Furthermore, an interesting avenue for future research lies in integrating optimization frameworks 
with fractional-order models and numerical schemes, which can preserve important physical properties 
and structural characteristics of dynamical systems. Recent progress in this direction includes robust 
orthogonal Gauss collocation methods exhibiting superconvergence for fourth-order sub-diffusion 
problems [40]. Such approaches could provide valuable insights into enhancing the applicability of 
RLDN-AOO to optimization tasks constrained by physical laws. 
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