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Abstract
Evolution serves as the fundamental driving force behind the emergence of bi-
ological intelligence, while learning propels the advancement of human civiliza-
tion. The synergy of evolution and learning collectively shapes the natural
world.

Reinforcement learning has demonstrated remarkable efficacy across numerous
domains. However, current research in optimization algorithms predominantly
concentrates on evolution strategies, with limited investigation into learning
mechanisms. Drawing inspiration from this observation, this paper introduces
a novel particle swarm optimization algorithm, Reinforcement Learning based
Ensemble Particle Swarm Optimizer (RLEPSO), that integrates reinforcement
learning. The algorithm employs reinforcement learning for pre-training during
the design phase to automatically discover more effective parameter configura-
tions, thereby enhancing algorithmic performance and accelerating optimization
processes. Furthermore, the algorithm incorporates two robust particle swarm
variants and establishes weight parameters for different algorithms to better
accommodate the solution requirements of diverse optimization problems, sub-
stantially improving algorithmic robustness. RLEPSO constructs multiple sub-
swarms to increase the probability of locating the global optimum and enhance
swarm diversity. The proposed RLEPSO is assessed on the CEC2013 bench-
mark set comprising 28 optimization test functions and compared against eight
other particle swarm optimization variants, including three state-of-the-art al-
gorithms. Experimental results demonstrate that RLEPSO achieves superior
performance, surpassing all compared algorithms.
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Full Text
Preamble
RLEPSO: Reinforcement Learning Based Ensemble Particle Swarm
Optimizer

Evolution serves as the driving force behind the development of biological intelli-
gence, while learning propels human civilization forward. The synergy between
evolution and learning shapes the entire natural world. Although reinforcement
learning has demonstrated remarkable effectiveness across numerous domains,
researchers in the field of optimization algorithms have predominantly focused
on evolutionary strategies, with learning-based approaches receiving compara-
tively little attention. Inspired by this gap, we propose a novel particle swarm
optimization algorithm called Reinforcement Learning based Ensemble Parti-
cle Swarm Optimizer (RLEPSO) that integrates reinforcement learning into its
core design. The algorithm employs reinforcement learning during a pre-training
phase to automatically discover more effective parameter combinations, enabling
superior performance and faster completion of optimization tasks. Furthermore,
RLEPSO integrates two robust particle swarm variants and establishes weight
parameters for different algorithms to better accommodate the solution require-
ments of diverse optimization problems, thereby significantly enhancing algo-
rithmic robustness. By creating multiple sub-swarms, RLEPSO increases the
probability of locating the global optimum while promoting particle swarm di-
versity. We evaluate the proposed RLEPSO on the CEC2013 optimization test
function benchmark set comprising 28 functions and compare it against eight
other particle swarm optimization variants, including three state-of-the-art al-
gorithms. Experimental results demonstrate that RLEPSO achieves superior
performance, outperforming all compared algorithms.

CCS Concepts: • Theory of computation → Reinforcement learning; Opti-
mization with randomized search heuristics.

Additional Key Words and Phrases: Particle Swarm Optimization, Rein-
forcement Learning, Policy Gradient.

ACM Reference Format: Shiyuan Yin, Yi Liu, GuoLiang Gong, Huax-
iang Lu, and Wenchang Li. 2021. RLEPSO: Reinforcement Learning
Based Ensemble Particle Swarm Optimizer. 1, 1 (June 2021), 10 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction
Optimization problems pervade all areas of science and engineering. As real-
world optimization problems grow increasingly complex, obtaining optimal so-
lutions through exhaustive search methods becomes generally infeasible. Con-
sequently, heuristic algorithms are typically employed to obtain high-quality
solutions. Currently, heuristic algorithms are advancing rapidly, with numer-

chinarxiv.org/items/chinaxiv-202106.00114 Machine Translation

https://chinarxiv.org/items/chinaxiv-202106.00114


ous excellent methods emerging, including the Artificial Bee Colony algorithm
(ABC) [?], Evolutionary Strategy (ES) [?], Differential Evolution (DE) [?], Evo-
lutionary Programming (EP) [?], Genetic Algorithm (GA) [?], Ant Colony Op-
timization (ACO) [?], and Particle Swarm Optimization (PSO), among others.
The performance of these algorithms has been validated on real-parameter op-
timization benchmark problems \cite{1, 9–11, 13, 17, 25}.

Among these algorithms, particle swarm optimization has garnered widespread
attention due to its simple parameter configuration and rapid convergence speed.
The particle swarm optimization algorithm is now extensively applied across
various domains, including neuro-fuzzy system machine learning [?], scheduling
problems [?, ?], autonomous navigation [?], system identification and control
[?, ?], design optimization [?], and numerous other applications.

However, the particle swarm optimization algorithm suffers from several lim-
itations, including premature convergence and prolonged search processes in
later stages. Consequently, many researchers have proposed numerous improve-
ments to address these shortcomings. In the Fitness-Distance-Ratio based Parti-
cle Swarm Optimizer (FDR-PSO), particles move toward nearby particles with
higher fitness rather than simply moving toward the global best position [?]. In
the Comprehensive Learning Particle Swarm Optimizer (CLPSO), each particle
utilizes the historical best information of all other particles to update its own
velocity [?]. In Orthogonal Learning Particle Swarm Optimization (OLPSO),
the exemplar for each particle is generated using an orthogonal learning strategy
combined with the swarm’s best experience [?]. In Locally Informed Particle
Swarm Optimization (LIPS), particles follow local bests (the best experiences
of neighboring particles) instead of the global best experience to locate the op-
timum across the search space [?]. In Self-Organizing Hierarchical PSO with
Time-Varying Acceleration Coefficients (HPSO-TVAC), each particle employs
cognitive and social components to update its velocity, and when stagnation oc-
curs in the search space, particles are reinitialized [?]. In Heterogeneous Particle
Swarm Optimization (HPSO), a pool of different search behaviors exists, with
each particle randomly selecting a behavior from the pool to update its velocity
[?]. In the Ensemble Particle Swarm Optimizer [?], five PSO variants are inte-
grated, dividing particles into two groups: the larger group updates itself using
a PSO variant based on success rate, while the smaller group employs CLPSO
for particle updates.

Although these algorithms have improved particle swarm performance in various
ways, their manually set running parameters introduce redundancy. Currently,
reinforcement learning is advancing rapidly, enabling the discovery of superior
strategies through environmental interaction, which aligns well with optimiza-
tion algorithms. Therefore, this paper proposes a Reinforcement Learning-based
Ensemble Particle Swarm Optimizer (RLEPSO) that combines reinforcement
learning with EPSO while incorporating additional improvements.

The performance of the proposed RLEPSO is tested on the CEC2013 test func-
tion set [?] comprising 28 functions. Compared against eight other particle
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swarm algorithm variants, the results demonstrate that our algorithm signifi-
cantly surpasses existing PSO variant algorithms in both exploration and opti-
mization capabilities.

2.1 General Idea
EPSO has achieved promising results on optimization problems. However, as
PSO variants become increasingly complex, they require more running param-
eters, making manual setting both cumbersome and suboptimal for achieving
peak performance. Therefore, learning-based parameter optimization represents
a superior approach. Moreover, since this parameter setting problem is es-
sentially an optimization task that is non-differentiable and lacks a suitable
loss function, traditional deep learning algorithms cannot be directly applied.
Consequently, this paper employs the reinforcement learning algorithm DDPG
(Deep Deterministic Policy Gradient) to obtain an effective action network that
generates running parameters. This action network guides particle movement
during the optimization process according to their current state. The com-
plete RLEPSO algorithm comprises two components: optimization rules and
action network A. To enhance the algorithm’s adaptability to different op-
timization objectives, we implement two algorithms—CLPSO and FDR-PSO—
within RLEPSO.

2.2 Algorithm Details
This section briefly introduces CLPSO and FDR-PSO and details the opera-
tional mechanics of RLEPSO and the training of its action network. We assume
readers possess a fundamental understanding of PSO. In the following content,
𝑝𝑏𝑒𝑠𝑡 denotes a particle’s personal best experience and 𝑔𝑏𝑒𝑠𝑡 represents the
swarm’s best experience.

2.2.1 PSO Variants Employed in EPSO

Comprehensive Learning Particle Swarm Optimizer (CLPSO). In
CLPSO, a particle learns from different particles’𝑝𝑏𝑒𝑠𝑡 values for different
dimensions. The velocity of the 𝑖-th particle is updated using the following
equation:

𝑉 𝑑
𝑖 = 𝑤𝑉 𝑑

𝑖 + 𝑐 ⋅ 𝑟𝑎𝑛𝑑𝑖
𝑑 ⋅ (𝑝𝑏𝑒𝑠𝑡𝑑

𝑓𝑖(𝑑) − 𝑋𝑑
𝑖 )

In this equation, 𝑓𝑖(𝑑) = [𝑓𝑖(1), 𝑓𝑖(2), ..., 𝑓𝑖(𝐷)] determines which particle’s
𝑝𝑏𝑒𝑠𝑡 the 𝑖-th particle should follow. CLPSO employs a 𝑃𝑐 value to determine
the target for each particle to follow. The target can be either the particle’s
own 𝑝𝑏𝑒𝑠𝑡 or another particle’s 𝑝𝑏𝑒𝑠𝑡 for each dimension 𝑑. Every particle has
its own 𝑃𝑐𝑖 value, generated by the following equation:
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𝑃𝑐𝑖 = 𝑎 + 𝑏 ⋅
exp( 10(𝑖−1)

𝑝𝑠−1 ) − 1
exp(10) − 1

In this equation, 𝑝𝑠 is the population size, 𝑎 = 0.05, and 𝑏 = 0.45. When
updating velocity for a dimension, a random value in [0, 1] is generated and
compared with 𝑃𝑐𝑖. If the random value exceeds 𝑃𝑐𝑖, the particle follows its
own 𝑝𝑏𝑒𝑠𝑡 for that dimension; otherwise, it follows another particle’s 𝑝𝑏𝑒𝑠𝑡.
CLPSO uses tournament selection to choose a target particle. To avoid wasting
function evaluations in unproductive directions, CLPSO defines a refreshing
gap 𝑚 representing a certain number of evaluations. During the period when
a particle follows a target particle, the number of times the particle fails to
improve is recorded as 𝑓𝑙𝑎𝑔𝑐𝑙𝑝𝑠𝑜. If 𝑓𝑙𝑎𝑔𝑐𝑙𝑝𝑠𝑜 exceeds 𝑚, the particle acquires a
new target particle.

To integrate CLPSO with our RLEPSO, we define 𝑉𝐶𝐿𝑃𝑆𝑂 using the following
equation:

(𝑉𝐶𝐿𝑃𝑆𝑂)𝑑
𝑖 = 𝑟𝑎𝑛𝑑𝑖

𝑑 ⋅ (𝑝𝑏𝑒𝑠𝑡𝑑
𝑓𝑖(𝑑) − 𝑋𝑑

𝑖 )

Fitness-Distance-Ratio Based Particle Swarm Optimization (FDR-
PSO). Particles in FDR-PSO learn from their neighboring particle’s experience
(𝑛𝑏𝑒𝑠𝑡) through a social learning component. Two criteria guide the selection of
an appropriate target particle: (1) the target particle must be near the particle
being updated, and (2) the target particle must be better than the particle
being updated. To evaluate whether target particles meet these requirements,
the Fitness-Distance-Ratio (FDR) is proposed as the ratio of fitness difference
to one-dimensional distance. For the 𝑗-th particle, FDR is calculated using the
following equation:

𝐹𝐷𝑅 = 𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑋𝑖) − 𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑋𝑗)
|𝑋𝑖 − 𝑋𝑗|

In this equation, 𝑋𝑖 denotes the particle being updated and 𝑋𝑗 denotes the
target particle. In minimization problems, the particle that minimizes FDR is
selected as the target particle. Once the target particle is selected, the 𝑖-th
particle’s velocity is updated using the following equation:

𝑉 𝑑
𝑖 = 𝑤⋅𝑉 𝑑

𝑖 +𝑐1 ⋅𝑟𝑎𝑛𝑑𝑖
1 ⋅(𝑝𝑏𝑒𝑠𝑡𝑑

𝑖 −𝑋𝑑
𝑖 )+𝑐2 ⋅𝑟𝑎𝑛𝑑𝑖

2 ⋅(𝑔𝑏𝑒𝑠𝑡𝑑−𝑋𝑑
𝑖 )+𝑐3 ⋅(𝑛𝑏𝑒𝑠𝑡𝑑

𝑗 −𝑋𝑑
𝑖 )

In this equation, 𝑐1 = 1, 𝑐2 = 2, and 𝑐3 = 2. The 𝑛𝑏𝑒𝑠𝑡 is the particle 𝑋𝑗
identified by FDR. To integrate FDR-PSO with our RLEPSO, we define 𝑉𝐹𝐷𝑅
using the following equation:
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(𝑉𝐹𝐷𝑅)𝑑
𝑖 = 𝑟𝑎𝑛𝑑𝑖

𝑑 ⋅ (𝑛𝑏𝑒𝑠𝑡𝑑
𝑗 − 𝑋𝑑

𝑖 )

2.2.2 RLEPSO Algorithm Optimization Process

EPSO employs a self-adaptive selection strategy to choose better PSO variants
for solving optimization problems. To enable reinforcement learning and ac-
celerate the optimization algorithm in RLEPSO, we remove the self-adaptive
selection strategy and utilize a combined velocity update equation as follows:

𝑉𝑡+1 = 𝑤 ⋅ 𝑉𝑡 + 𝑐1 ⋅ 𝑉𝐶𝐿𝑃𝑆𝑂 + 𝑐2 ⋅ 𝑉𝐹𝐷𝑅 + 𝑐3 ⋅ 𝑟1 ⋅ (𝑔𝑏𝑒𝑠𝑡 − 𝑋) + 𝑐4 ⋅ 𝑟2 ⋅ (𝑝𝑏𝑒𝑠𝑡 − 𝑋)

In this equation, 𝑉𝐶𝐿𝑃𝑆𝑂 and 𝑉𝐹𝐷𝑅 are as introduced in the previous section.
The 𝑝𝑏𝑒𝑠𝑡 represents the particle’s personal best experience, and 𝑔𝑏𝑒𝑠𝑡 represents
the swarm’s best experience. Based on the current running state, the coefficients
𝑤, 𝑐1, 𝑐2, 𝑐3, and 𝑐4 are generated by the actor network. The variables 𝑟1 and
𝑟2 are uniformly distributed random numbers between 0 and 1. To enhance
particle diversity and increase the probability of finding the global optimum,
all particles in RLEPSO are divided into five sub-swarms. Each sub-swarm
possesses its own coefficients (𝑤, 𝑐1, etc.) but shares the same 𝑔𝑏𝑒𝑠𝑡.
To prevent particles from becoming trapped in local optima, a mutation stage
follows velocity updating. During this stage, a random number 𝑟5 between 0
and 1 is first generated and then compared with 𝐶𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 ⋅ 0.01 ⋅ 𝑓𝑙𝑎𝑔𝑐𝑙𝑝𝑠𝑜. If
𝑟5 is smaller than this threshold, mutation occurs and the particle position is
reinitialized within the solution space.

At the end of each period, particles move according to their velocity, after which
particle fitness and historical best experiences are updated.

2.2.3 Actor Network �

In this paper, the action network � is designed as a compact network with
1-dimensional input and 35-dimensional output, incurring minimal additional
computational cost. In each round of the particle swarm, the input content is
recorded as the state vector 𝑆𝑡, and the output content is recorded as the action
vector 𝐴𝑡. All action values range between 0 and 1.

The state vector generation method is as follows:

𝑆𝑡 = 𝑓𝑒𝑡/𝑓𝑒𝑚𝑎𝑥

where 𝑓𝑒𝑡 represents the number of function evaluations executed in round 𝑡,
and 𝑓𝑒𝑚𝑎𝑥 specifies the total number of function evaluations for the optimization
process. The obtained action vector 𝐴𝑡 is 35-dimensional, divided into five
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groups targeting each sub-swarm. For a sub-swarm, the action vector is 7-
dimensional from 𝑎[0] to 𝑎[6]. The parameters 𝑤, 𝑐1, 𝑐2, 𝑐3, 𝑐4, and 𝑐𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛
required for each optimization round are generated based on 𝑎[0] to 𝑎[6] using
the following formulas:

𝑐𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛 = 𝑎[0] ⋅ 0.01 ⋅ 𝑓𝑙𝑎𝑔𝑐𝑙𝑝𝑠𝑜

𝑤 = 𝑎[1] ⋅ 0.8 + 0.1

𝑠𝑐𝑎𝑙𝑒 = 1
𝑎[3] + 𝑎[4] + 𝑎[5] + 𝑎[6] + 0.00001 ⋅ 𝑎[2] ⋅ 8

𝑐1 = 𝑠𝑐𝑎𝑙𝑒 ⋅ 𝑎[3]

𝑐2 = 𝑠𝑐𝑎𝑙𝑒 ⋅ 𝑎[4]

𝑐3 = 𝑠𝑐𝑎𝑙𝑒 ⋅ 𝑎[5]

𝑐4 = 𝑠𝑐𝑎𝑙𝑒 ⋅ 𝑎[6]

The 𝑠𝑐𝑎𝑙𝑒 parameter controls the range of velocity changes and prevents unstable
particle oscillation.

2.2.4 Training Algorithm: DDPG

To train the actor network �, we employ a reinforcement learning algorithm
called Deep Deterministic Policy Gradient (DDPG) [?]. We briefly introduce
DDPG in the following section.

In a standard reinforcement learning environment, each agent interacts with
the environment, aiming to maximize environmental rewards. This interactive
process is formally described as a Markov Decision Process (MDP), represented
by the four-tuple (𝑆, 𝐴, 𝑅, 𝑃 ). Here, 𝑆 is the state space, 𝐴 is the action space,
𝑅 ∶ 𝑆 × 𝐴 → ℝ is the reward function, and 𝑃 ∶ 𝑆 × 𝐴 × 𝑆 → [0, 1] is the
transition probability. In this environment, an agent learns a policy 𝜋 ∶ 𝑆 → 𝐴
to maximize environmental rewards.

The action value function 𝑄 is typically used to represent the reward for per-
forming an action in state 𝑠:
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𝑄(𝑠𝑡, 𝑎𝑡) = 𝔼[𝑅𝑡|𝑠 = 𝑠𝑡, 𝑎 = 𝑎𝑡] = 𝔼 [
∞

∑
𝑖=𝑡

𝛾𝑖−𝑡𝑟(𝑠𝑖, 𝑎𝑖)]

In this equation, 𝑟(𝑠𝑖, 𝑎𝑖) represents the immediate reward from the current
action, while 𝑄(𝑠𝑡, 𝑎𝑡) represents the long-term reward from the current action.

DDPG designs two deep neural networks: the action value network 𝑄(𝑠𝑡, 𝑎𝑡|𝜃𝑄)
and the action network 𝜇(𝑠𝑡|𝜃𝜇), where 𝜃𝑄 and 𝜃𝜇 are network parameters. The
action network maps the state space to the action space, directly generating
required actions based on the state (effectively implementing policy 𝜋). The
action value network approximates the action value function 𝑄 and provides
gradients for training the action network.

Training the action value network involves minimizing the loss function:

𝐿(𝜃𝑄) = (𝑟(𝑠𝑡, 𝑎𝑡) + 𝛾𝑄′(𝑠𝑡+1, 𝑎𝑡+1|𝜃𝑄) − 𝑄(𝑠𝑡, 𝑎𝑡|𝜃𝑄))2

where 𝑄′ is the target value network whose weights are synchronized from net-
work 𝑄. Updating the action network parameters requires the policy gradient
algorithm, with the gradient update direction as follows:

∇𝜃𝜇
𝑄(𝑠, 𝑎|𝜃𝑄)|𝑠=𝑠𝑡,𝑎=𝜇(𝑠𝑡,𝑣) = ∇𝑎𝑄(𝑠, 𝑎|𝜃𝑄)|𝑠=𝑠𝑡,𝑎=𝜇(𝑠𝑡,𝑣)∇𝜃𝜇

𝜇(𝑠|𝜃𝜇)|𝑠=𝑠𝑡

Through iteration, we ultimately obtain an effective action network 𝜇.

Training Details. In the training process, each episode represents a complete
optimization process of RLEPSO for an objective function, while each epoch
represents one round of RLEPSO during the optimization of the objective func-
tion. Performing an action in the environment involves inputting the generated
action vector into RLEPSO, optimizing the target for one round, and obtaining
the reward and next state for the subsequent round.

The algorithm’s reward value is set as follows: when the best value of PSO in
the current environment changes, the reward is +1; otherwise, the reward is −1.
This setting aims to improve RLEPSO’s optimization speed. The test function
used to initialize the environment during each training episode is randomly
selected from CEC2013. The pseudocode is presented in Algorithm 2.

3 Experiments and Results
This paper evaluates the proposed RLEPSO algorithm’s performance using the
shifted and rotated CEC2013 benchmark functions. The CEC2013 benchmark
suite consists of 28 diverse functions, including unimodal, multimodal, expanded,
and hybrid composition functions.
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The comparison algorithms include various PSO variants: Inertia Weight PSO
(PSO), Comprehensive Learning PSO (CLPSO), Self-Organizing Hierarchical
PSO with Time-Varying Acceleration Coefficients (HPSO-TVAC), Fitness-
Distance-Ratio based PSO (FDR-PSO), Distance-Based Locally Informed
PSO (LIPS), Orthogonal Learning PSO (OLPSO), Static Heterogeneous
Swarm Optimization (sHPSO), and Ensemble Particle Swarm Optimizer
(EPSO). These algorithms were introduced in the previous section. The first
five algorithms represent popular developments, while the latter three are
state-of-the-art algorithms in the particle swarm variant domain. The settings
for these algorithms follow those in [?].

All experiments were conducted ten times independently, with the average value
used as the final result. To test the optimization algorithm’s adaptability under
different conditions, the evaluation includes three different dimensions: 50, 30,
and 10.

presents the final solutions obtained for each function at dimension 50. In this
table, first-place results are marked in bold and second-place results in blue.
RLEPSO ranks among the top four in all functions, achieving first-place results
in 11 functions and second-place results in 10 functions. The worst ranking for
RLEPSO is fourth place. This demonstrates that RLEPSO possesses strong
optimization capabilities and consistently ranks among the best across various
evaluation functions. Moreover, it shows that RLEPSO is highly stable, capable
of adapting to diverse complex optimization objectives, and can obtain more
reliable solutions.

shows the final average rankings of different algorithms across each dimension.
It is evident that RLEPSO leads by an absolute advantage at dimensions 50,
30, and 10. At dimension 50, the average ranking surpasses the second-place
algorithm by 0.68; at dimension 30, by 0.61; and at dimension 10, by 0.43. In the
comprehensive average ranking across all dimensions, RLEPSO is 0.6 ahead of
the second-place algorithm, fully reflecting its superiority in solution accuracy.

However, it is also observable that since the training process was performed at
dimension 50, the lead diminishes somewhat in the experiments at dimensions
30 and 10, indicating that this training method exhibits certain problem-specific
relevance. In practical applications, a single deployment of an algorithm typi-
cally addresses a specific problem. Therefore, pre-training for a specific problem
and subsequently deploying the algorithm is both feasible and highly effective.

In summary, RLEPSO achieves higher optimization accuracy than comparable
algorithms and can effectively solve high-dimensional complex numerical opti-
mization problems. The swarm optimization algorithm based on reinforcement
learning demonstrates superior optimization and exploration capabilities com-
pared to swarm optimization algorithms with manually set parameters.
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4 Conclusion
This paper proposes an ensemble particle swarm optimization algorithm based
on reinforcement learning that integrates two particle swarm algorithm variants
—CLPSO and FDR-PSO. The algorithm utilizes the reinforcement learning algo-
rithm DDPG to train an action network A, which efficiently provides running
parameters according to the current optimization stage. Additionally, to en-
hance the algorithm’s global search capabilities, all particles are divided into
five sub-swarms, with each sub-swarm independently receiving running parame-
ters from actor network A. Moreover, the algorithm introduces a new mutation
step during the movement process to prevent premature entrapment in local
optima. During this stage, particles are randomly reinitialized based on the
algorithm’s current configuration and the number of times particles cease im-
proving. This approach yields excellent population diversity and global search
capabilities for RLEPSO.

The RLEPSO algorithm’s performance is validated through the CEC2013 stan-
dard test set and compared against eight other particle swarm variants. The
results show that RLEPSO performs well on all test functions, achieving top-two
results on 21 out of 28 functions. RLEPSO outperforms both its individual PSO
variants and recent state-of-the-art PSO algorithms. Future research directions
for RLEPSO include incorporating additional optimization algorithms into the
framework and applying DDPG to other optimization algorithms.
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