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Abstract. Modern optimization algorithms consist of algorithms that have been developed,
improved, and expanded for different problems with specific properties as extensive, stochas-
tic, noise multi, many, bi-level, as well as traditional optimization problems. These relatively
complex modern algorithms are mainly based on traditional numerical methods. Their com-
plex structures are increasingly being extended with learning-based methods as they can be
used in conjunction with machine learning methods, particularly reinforcement learning, and
are also used within these methods. These algorithms can be evolutionary or nature-inspired
algorithms. Among nature-inspired algorithms, one of the most widely used is the Particle
Swarm Optimization (PSO) algorithm. The PSO algorithm has been used in conjunction with
machine learning algorithms for solving the problem-oriented applications; and Reinforcement
Learning as a machine learning method contains potential to use with PSO. Therefore, in
this study, the PSO algorithm will be redesigned as a reinforcement learning framework. The
PSO in a different framework will be evaluated on benchmark problems where the innovation
suggestions will be made regarding the parameters and formulations of the algorithm accord-
ing to their areas of use, its performance will be evaluated, and improvement suggestions will
be presented.

Keywords: Particle Swarm Optimization · Reinforcement Learning · Learning-based Opti-
mization · Machine Learning · Single-objective · Optimization.

1 Introduction

Teaching–learning-based optimization methods are known for simplicity and fast convergence with
exploration-exploitation balance and preferred engineering applications. Optimization algorithms
have been evaluating with the machine learning algorithm to form learning-based optimization
algorithms. Since learning is essential for these algorithms, modern methods prefer reinforcement
Learning framework as the learning part of the proposed methods. In [1], Reinforcement Learning
(RL) assisted Evolutionary Algorithms (EA) have reviewed as a survey. In the paper, the usage of
RL with the evolutionary algorithm classified with the usage of RL. The classification is established
as integration of RL, its strategy, attribute setting and application domains. The classification has
made with the direct or indirect integration, continuous or binary application, setting the objective
function, reward function or action/policy setting, multi operator selection, multi population selec-
tion parameter adaptation are the main themes of these categories. However, all these categories
are related to the hybrid usage of the RL or EA with each other in or instead of an operator in RL
or EA.

RL and nature-inspired swarm algorithm Artificial Bee Colony (ABC) has proposed and applied
to Job-shop scheduling problem [2]. In the paper the aim is to split jobs to multiple subplots so
transported separately. The problem has divided into two stages and the second state RL is applied
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to best scheme for the subplot, directly. In [3], hybrid flow-shop scheduling problem (DHHFSP)
has utilized with Q-learning and Particle Swarm decomposition where the proposed multiobjective
framework combines multi directional particle swarm global search with reinforcement learning-
based local search.

In [4], tunnel deformation for urban underground safety has been investigated as engineering
problem by solving the problem from finite-difference analyses using a Plastic Hardening (PH) soil
model. In the paper another hybrid methodology/framework has proposed by the authors so that
a hybrid machine-learning framework integrated with particle swarm optimization (PSO), convolu-
tional neural networks (CNN), and extreme gradient boosting (XGBoost). Another application for
the RL improved methods with Tabu search has presented for coloring problem in [5] where it was
tested on 60 benchmark instances. In [6], an electrical problem for the shipboard has proposed and
modeled this problem as shipboard multi-angle photovoltaic system with the synergistic Hybrid
Evolutionary Algorithm.

A hybrid framework that integrates Quantum-Inspired Particle Swarm Optimization (QIPSO)
with Deep Q-Network (DQN) reinforcement learning has been proposed and its performance has
evaluated on five real-world scientific workflows, Montage, SIPHT, CyberShake, Epigenomics, and
Inspiral across heterogeneous edge nodes [7]. In [8], time series prediction for six have solved with
a novel proposed algorithm named as Hybrid Optimization Expert System that integrates multiple
evolutionary algorithms (Arctic Puffin Optimization (APO) algorithm, Bloodsucking leech opti-
mization algorithm (BSLO), Enterprise Development Optimization Algorithm (EDO), The Flying
Lizard Optimization (FLO)) and employs BiLSTM (SJ-LSTM)a transmission mechanism, mem-
ory system, and punishment system to achieve collaborative optimization. In [9], like other studies
proposes a novel multi-exemplar driven teaching learning based optimization has proposed and ap-
plied to benchmark problems CEC2014, CEC2019, and real word application benchmark problem
set. A reinforcement learning-based a risk aware portfolio optimization method named Risk aware
Trader has proposed as a crucial decision-making component of intelligent financial system [10]. The
performance of the proposed algorithm demonstrated on numerical experiments with some public
datasets, namely the Dow Jones Industrial Average and the China Securities Index.

The Q-learning method with Reinforcement learning contains potentials to be used with PSO
algorithm. Unlike the previous studies it is possible to remodeled the PSO working with Reinforce-
ment learning to select the best possible parameter sets among the action set based on diversity
of the position of the population on the decision space and the improvement of the objective func-
tion on the objective space. For this reason in this research Reinforcement Learning-based Particle
Swarm Optimization is proposed for single objective problems.

This paper is organized as five sections beginning with the introduction and conclusion as the
final section. Section two is given for Problem statement that Reinforcement Learning, and Particle
Swarm Optimization algorithms are briefly explained. In Section 3 PSO is redesigned to be used with
Reinforcement Learning and in Section 4 the implementation results for this research is presented.

2 Problem Statement

RL, one of the machine learning methods, has been shown to be effectively used in conjunction
with optimization algorithms in light of studies in the literature. These uses ensure that optimiza-
tion problems are solved more efficiently and/or more accurately. However, in the literature, RL
optimization algorithms are used in conjunction with other methods. RL is either used in place of
one or more operators or to reduce the performance and computational cost of the optimization



16 O T. Altinoz.

algorithm. In this study, the PSO algorithm, one of the most well-known algorithms among swarm
intelligence methods, will be converted into an RL framework. The algorithm will be transformed
into an RL-like form. Subsequently, an assessment will be made of which section of the literature
corresponds to this framework. In this respect, part of the research presented in this study offers a
different perspective on the literature review.

2.1 Reinforcement Learning

Reinforcement Learning (RL) is a learning methodology (other machine learning methods are un-
supervised learning and supervised learning) that maps the states from the environment to the
actions transfer to the environment by using an assessment function called the reward. In RL the
method called agent has two common input and one output. The inputs are the observations from
the environment and the rewards, the output is the action. The agent contains two main operators
called the policy and RL algorithm. The function takes the observations from the environment
and decide an action, that function called policy. The RL algorithm is a methodology to update
the policy based on the observation generated action and the reward function. Fig. 1 presents the
graphical representation of the RL.

Fig. 1: General Graphical Description for Reinforcement Learning Framework.

As given in Fig. 1, the aim of the policy is to generate a n action for the desired operator by
using the given observation and updates from the RL algorithm. The RL algorithm gets the action
generated from policy, the reward function and the observations to update the policy to get the
desired operator.

The RL methodology contains four works. These are environments, reward, policy, and training.
The environment is the remaining part of the overall system except RL. This is the part that RL
submits the action and gets the observations and reward. However, based on the evaluation of the
environment the RL gets model-free RL and Model-based RL methods. In model free RL, the agent
does not know the environment (for example dynamics of the environment) only gets the observa-
tions and policy. That means the agent do not know prior information related to the environment,
therefore the agent must search the environment deeply to get a better reward. In model-based RL
the agent knows (maybe partly) some parts or everything related to the environment. For example,
a total map for an apart of the map for the path planning problem. Also, the environment is con-
sidered in a simulation environment of the real-life environment. The real environments present the
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accurate performance form the RL however the damage to the environment is inevitable in meany
engineering applications. In simulation environment is a low-cost RL application however it is not
every time possible to get an accurate solution when transferred to the real word.

The reward is the numeric version of the evaluation of the action generated by the policy. It is
the degree of the evaluations of how good the performance of the environment for a given action.
The policy could be sparse, discrete, or continuous functions. An important part related to the
selection of the reward function is to get a tradeoff between exploration and exploitation behavior.

The policy is a function that maps the observations to the actions. The policy could be direct or
indirect that in direct manner the observations directly evaluated inside the policy and the indirect
manner the observations are applied to the metrics and metric values are inserted to the policy.
If the actions are discrete or represented by discrete states it is possible o define a look-up table.
This look-up table is called Q-table that maps states/observations to actions. Instead of continuous
function and Q-table, neural networks can be used as policy that is the most preferred approach in
AI applications.

The policy structured into three different approaches. These are policy function based, value
function based and actor-critic approaches. The policy function-based learning is the entire learning
method for a single structure is the entire policy like neural network. For example, the output of
the neural network are the discrete events on a system. Similarly, policy gradient methods that
gradient of the rewards and/or the policy uses to decide the direction of the better reward value.
Value function-based policy is a system that not generate action solely. Instead, it generated some
value and based on that value the action is decided. for example, the Q-table and the bellman
equation to update the entities of the Q-table can be given.

Actor-critic policy and learning is a continuous network so that the actor generates the action
and the critic predicts the reward value. In general, the neural network is the actor because it
directly generated the actions. As critic neural network also utilize to predict the reward value.
Similarly, both networks trained with the observations.

2.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) was initially proposed by Kenndy and Eberhart in 1995 [11].
The main motivation of the algorithm is to integrate the nature inspired swarm intelligence to the
search algorithm that formed an optimization algorithm. The algorithm is depended on the move-
ment of the particles on the objective space based on the movements of the members in an animal
flock or swarm. The change of positions of the members in a flock becomes solution candidates
on the population-based PSO algorithm. Since the PSO is relatively simple to implement and has
relatively low number of parameters that needed to adjusted to get a desired performance; are two
reasons to get attention from the engineering problems as a stochastic optimization methodology.
The PSO algorithm contains position and velocity update rules as given in Eq. 1.

v(k + 1) = wv(k) + c1r1 (pb− x(k)) + c2r2 (gb− x(k)) (1)
x(k + 1) = x(k) + v(k + 1)

where v is the velocity, x is the position, k is the iteration index, pb is the personal best from the
beginning of the iteration to the kth iteration, w, c1 and c2 are the control parameters with two
random number generators r1 and r2 within [0, 1].



18 O T. Altinoz.

The performance of the PSO algorithm have been improving through more than thirty years
after the proposing the PSO in terms of exploration and exploitation. Algorithm 1 gives the pseudo-
code for the PSO algorithm. Since PSO is a population-based algorithm, it begins with the initial
definition of the parameters and position. Next the algorithm begins with global and personal best
member detection and velocity update and position update rules. This procedure continues until
the maximum number of iterations is reached. This algorithm suffers from the local search with
local optimum, early convergence and lower accuracy. Therefore, many variants have proposed to
improve the performance. The impact of some of the main improvements will be discussed after the
redesigning of PSO in the next sub-section.

Algorithm 1 Particle Swarm Optimization (PSO)
Select random number generator, number of members in population N , maximum number of iterations
M and parameters w, c1 and c2
for particle i do

Define initial position for each particle x(0)
Calculate Objective function f(x(0))

end for
for k = 1 increase k k = k + 1 do

Update Personal best pb
Update Global best gb
Update Velocity

v(k + 1) = wv(k) + c1r1 (pb− x(k)) + c2r2 (gb− x(k)) (2)

Update Position
x(k + 1) = x(k) + v(k + 1) (3)

Calculate Objective function f(x(k))
end for

3 Redesigning Particle Swarm Optimization Algorithm

The Algorithm 1 given for the PSO presents the flow of the algorithm in a sequential manner.
The PSO algorithm mainly contains the update rule with the parameters the objective function.
The nature of this algorithm suitable to map the sequential algorithm to the RL framework. Fig. 2
graphically demonstrate the PSO algorithm in the form of RL framework.

As given in the figure, RL framework has two main blocks that are policy and the learning
algorithm with reward function. It is clear to state that the reward function easily maps to the
reward of the optimization problem. The action is defined as the velocity and the velocity update
rule is the policy of this structure. Therefore, the position is the observation from the environment.
The position also the solution candidate that is evaluated from the objective function also called
the reward function.

The learning algorithm has four parameters that have to be set. Luckily, conventional PSO has
constant values for c1, and c2. The personal best value and the global best value calculated from
the population by using the min function by using the reward function. The other parameter w is
the weighting multiplier set to be decreasing with the iteration.

In the following two sub-sections the proposed improvements for the PSO are evaluated with
respect to the policy and learning algorithms. Therefore, in this research the improvements on the
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Fig. 2: General Graphical Description for the Particle Swarm Optimization Algorithm formed as
Reinforcement Learning Framework.

algorithm categorized into two sets and it is possible to categorized other variants of the PSO.
However, to maintain the content of the research only the well-known methods are selected and
discussed.

3.1 Learning Algorithms

The learning algorithms are sub-routines that adjust the parameters of the PSO algorithm. There-
fore, the learning is to set these values based on the observation actions and reward function. As
conventional way, the learning is the decision method for the parameters related to the policy of
the PSO variant. In general, the intelligence methods to decide these parameters corresponding to
the learning algorithm. In general, three main groups are well known which are parameter update,
inertia weight and constriction factor. There are other methods based on policy of the algorithm.

Parameter Update: Clerc’s study [12] has the possible selection of the parameters c1 and c2 so
that it is possible to considered the corresponding values of these two parameters gives the decision
between cognitive-dominant (c1 > c2); social-dominant (c1 < c2) and balanced behavior (c1 = c2)
(in [12] it was stated that c1 = c2 = 2.05) between personal best and global best tendency between
particles [13].There are many possible selection for these values like in [14] c1 = c2 = 1.49 parameter
set was selected.

Inertia Weight: In [15], a weighting parameter is defined for the PSO so that as given in Eq.1
the weight multiplied with the previous velocity. This parameter uses to balance exploration and
exploitation. The study of [16] the suggestion for the weight is in the range between 0.5 and 0.8.
The adaptive exponential linear and nonlinear variations of the weight based on iteration or rank
can be selected as a weighting variant. In [13] these methods have given as a summarized table, and
also given in [17].

Constriction Factor: The parameter is given to multiply the overall velocity update rule (without
the weight) to increase convergence and stability of the PSO algorithm suggested in [12]. The
common value for this parameter is 0.729 [12].

3.2 Policy

After redesigning the PSO as discussed in the previous section, the PSO algorithm have divided into
two parts, the policy and the learning. In this subsection the policy will be discussed. The policy
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is the function that generates the action therefore for the PSO as explained it is corresponding to
the velocity update formulations for each variant.

Velocity Clamp: The first and easy part is the restrict the obtained velocity. This action cor-
responds to the actor-critic manner so that the critic related to the generated action is made by
comparing the maximum and minimum velocity values. The restriction to the velocity is a common
methodology to restrain the position of the population. The maximum and minimum velocity helps
the algorithm to remains in a given position range [18]. It is possible to change this maximum and
minimum values at each iteration.

Velocity Update Rules: The velocity update rules changed, improved, merged with other operator
to get more accurate solution with a smaller number of iterations. As an example in [19] two
mutation operators merged with PSO to update velocity. Similarly in [20], differential mutation
operator with social learning mechanism utilized with PSO. In [21], the velocity update rule is
changed by introducing some novel parameters like in [22] where a third summation is added to the
velocity update rule with a new parameter c3 and a direction value.

3.3 Proposed RL-PSO Algorithm

The proposed RL-PSO algorithm begins with the random initialization of the positions and velocity.
Then the observations are determined. Observation space is selected as six states. The state is
determined from the global best position s(t) = f(gbest(t)− gbest(t− 1)). Next the action space is
decided. The action space contains three parameters w, c1 and c2. These parameters took the values
inside [0.1, 2] with 10 discrete and equally divided values. Next based on the selected parameter the
position and the velocity of the members are updated.

vi,d(t+ 1) = w · vi,d(t) + c1r1
(
pbesti,d − xi,d(t)

)
+ c2r2

(
gbestd − xi,d(t)

)
, (4)

xi,d(t+ 1) = xi,d(t) + vi,d(t+ 1), (5)

Unlike previous discussion, in this RL-PSO the reward function is defined as r(t) = gbest(t−1)−
gbest(t) which means the reward is the difference between global best objective function values at
the current and the previous iteration. Next, the Q-table is updated and new state is determined.
In RL-PSO algorithm the action parameters are determined from Q-learning agent.

The update of the Q-table is made by Bellman function like the conventions Q-function training
methodology given as

Q(s(t), a(t))← Q(s(t), a(t)) + α
[
r(t) + γmax

a′∈A
Q(s(t+ 1), a′)−Q(s(t), a(t))

]
, (6)

where α ∈ (0, 1) is the learning rate, and γ ∈ (0, 1) is the discount factor. The policy selection is
made from ε-greedy policy.

Unlike conventional way that the velocity update rule is the policy; in RL method the policy is
the ε-greedy and the training rule is given in Eq. 6. The next section shows the implementation of
RL-PSO algorithm and comparison between PSO algorithm is proposed.

In this framework, the difference between global best objective value of the current iteration
and the previous iteration is selected as the improvement. In addition the average of the standard
deviation of the members in the population on the decision space is the diversity of the population.
Based on improvement and diversity of the solutions the states are selected. The Q-table contains
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6 states and 8000 actions. the actions are formed from three parameters w, c1 and c2 and their 20
different values. The Q-table values are updated with Bellman functions and based on the current
state and the Q values the action is selected among the 8000 actions.

Table 1: State Transition Logic Based on Improvement and Diversity
State Improvement Diversity Interpretation

1 > 10−2 > 1 Fast Growth
2 > 10−4 > 1 Approximate Steady State
3 > 0 ≤ 1 Steady state
4 ≤ 0 > 1 Wide Stagnation
5 ≤ 0 > 0.1 Narrow Stagnation
6 Else ≤ 0.1 End

Table 1 gives the state ids and their approximate interpretations with respect to the ranges
of the improvement and diversity. As the improvements are increased with the diversity of the
populations that means searching a relatively large area of the objective space (exploration) and
as the improvement reduces, became smaller with a more crowded populations means the solution
becomes converging therefore the algorithm is approximately in the steady state.

4 Implementation

In this section, the brief information related to the benchmark problems and their properties will
be explained. Next, the implementation results and their convergence will be reported as the results
and discussions.

4.1 Benchmark Problems

In this research to demonstrate the performance of the proposed RL-PSO algorithm explained in the
previous section is applied to the CEC 2017 benchmark problem set defined in [23]. The benchmark
set contains 30 problems however problem 2 is deleted after the definition of the problems (in total
there are 29 problems) where the codes for the Matlab file can be found in [24]. The search space
for all these benchmark problems are in [−100, 100]D where D is the dimension of the search space
which is equal to 30 for all problems. The problems are categorized into four groups, problem 1
and 2 are unimodal Functions, Problem 3-9 are simple multimodal functions, problems 10-19 are
hybrid functions and problems 20 - 29 are composition functions. First 9 problems are actually
the shifted and rotated of the conventional benchmark problems like Rosenbrock and Rastrigin’s
Functions. Problem 10-19 are hybrid problems so that the linear combination of the different basic
functions is weighted and summed as sub components of these benchmark problems. Finally, there
are composition functions where these functions are like hybrid functions with weights, biases and
shifted functions. Unlike hybrid problems, in composition problems all basic functions have been
used as shifted and rotated. In [23], the mathematical expressions and their search spaces are
graphically demonstrated. The optimum values for each benchmark problems are equal to problem
ID multiply by 100. For example, the optimum solution for the final problem is 2900.
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4.2 Results and Discussions

In this research Reinforcement Learning is used to determine the best w, c1 and c2 parameters.
The obtained algorithm named as RL-PSO algorithm. The performance of this algorithm will be
compared with PSO meta-algorithm under same conditions. All algorithms have 100 members
in their population 30 and iteration is 200. The implementations are repeated 30 times and the
statistics of these results are reported numerically. In addition, Wilcox statistical test is provided to
show the significant of the results. for the PSO algorithm the parameters are selected as w = 0.7,
c1 = 2, and c2 = 2. The implementations reevaluated and Table 2 gives the results numerically and
Fig 4 shows the average convergence plots for all of the benchmark problems.

Table 2 gives the statistical properties of the 30 independent run with mean and standard
deviation. In addition, Wilcoxon significant test results are added and it is numerically showed that
the proposed algorithm is better than PSO for 12 problems and almost same for 11 other problems.
Also, for the rest of the problems PSO gives better objective values, performance. For unimodal and
simple multimodal problems, the proposed method presents better results however for composition
and hybrid problems the performance of PSO and RL-PSO gives almost same performance.

Figure 4 gives the selected actions for each problems. Each plot in Figure 4 gives for each
benchmark problems. The plots are given for each iteration that means for each iteration a different
action is selected based on the Q-value. These plots are among the 30 independent values the most
frequently selected action for a given iteration. As a general perspective, it can be observed from
the figure that as the iteration increased in number the actions becomes more converged value for
a better performance cases.

5 Conclusion

In this research the PSO algorithm parameters w c1 and c2 determined with the aid from reinforce-
ment learning so that the Q-table is generated. From the table the best parameters are obtained for
PSO algorithm under CEC 2017 test problems. The results are numerically and graphically com-
pared with each other. The results showed that RL-PSO presents mostly better results. However,
since PSO is relatively simple nature and easy to implement and has lower computational neces-
sities, it is possible to comment that even RL-PSO gives better results the desired computational
resources is relatively highly for this performance. As future study, learning-based algorithms are
more deeply discussed to get a better single and multi-objective problems.
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