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Abstract. This paper benchmarks the performance of one of the recent
research directions in the performance improvement of particle swarm
optimization algorithm; human learning principles inspired PSO vari-
ants. This article discusses and provides performance comparison of nine
different PSO variants. The Comparing Continuous Optimizers (COCO)
methodology has been adopted in comparing these variants on the noise-
less BBOB testbed, providing useful insight regarding their relative effi-
ciency and effectiveness. This study provides the research community a
comprehensive account of suitability of a PSO variant in solving selective
class of problems under different budget settings. Further, certain recti-
fications/extensions have also been suggested for the selected PSO vari-
ants for possible performance enhancement. Overall, it has been observed
that SL-PSO and MePSO are most suited for expensive and moderate
budget settings respectively. Further, iSRPSO and TPLPSO have pro-
vided better solutions under cheap budget settings where iSRPSO has
shown robust behaviour (better solutions over dimensions). We hope this
paper would mark a milestone in assessing the human learning princi-
ples inspired PSO algorithms and used as a baseline for performance
comparison.

Keywords: PSO · Human learning principles inspired PSO variants ·
COCO methodology · Black-box optimization

1 Introduction

Particle Swarm Optimization (PSO) [10] is a population-based search optimiza-
tion algorithm, inspired from the social behavior a swarm of bird. It has been
widely used for solving numerous optimization problem [4,11,22] and has suc-
cessfully provided solutions to the complex real-world optimization problems
[15,19,21]. In the past two decades, its simplicity and computational efficiency
has attracted the researchers. As a result, several research directions have been
studied including parameter tuning, neighbourhood topology, learning strategies
etc. [5,13,27]. The current state-of-the-art research in PSO includes a diverse
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collection of modified PSO variants, with one variant performing better than
other on a class of optimization problems. It has been shown in human learn-
ing psychology that human beings are better planners and possess intelligent
information processing skills. This helps one to perform better self-regulation
of the cognitive strategies and hence enhance the decision making abilities [14].
Therefore, algorithms developed using human learning principles have shown
promising characteristics [17,20]. Inspired from these findings, researchers have
tried to design such PSO variants that can provide better solutions on various
classes of problems by introducing human-like learning principles [18,22,24,25].
This research direction has provided robust and efficient PSO variants capa-
ble of solving more classes of optimization problems. Recently, researchers have
developed several human learning principles inspired PSO variants which has
significantly enhanced the algorithms’ performance. Therefore, it is required to
benchmark the performance of these algorithms to come up with a baseline for
performance comparison in assessing the human learning principles inspired PSO
algorithms.

This paper aims towards comparing eight different human learning principles
inspired PSO variants carefully selected to reflect different self and social princi-
ples applied to the PSO algorithm against the standard PSO algorithm. Through
experimental evaluation, this paper marks the differences among them and inves-
tigates the suitability of the algorithms for solving optimization problems with
different characteristics for different computational requirements. Furthermore,
it draws several concluding points that can help the future development in the
PSO research. To achieve the paper’s goals, the experimental evaluation must
be able to discover and distinguish the good features of the variants over others,
and show their differences over different stages of the search for various goals
and situations. In this paper, the Comparing Continuous Optimizer (COCO)
methodology [7] has been adopted as it meets the requirements. It comes with a
testbed of 24 scalable noiseless functions [8] addressing such real-world difficulties
as ill-conditioning, multi-modality, and dimensionality. The selected PSO vari-
ants have diverse behaviour in terms of solution accuracy, convergence rate and
robustness. Some require more time to converge [9,23] whereas others are com-
putationally efficient [12,21,24]. Therefore, the performance has been assessed
over different settings of function evaluations to investigate the capability of
the algorithms in solving computationally expensive, moderate and cheap bud-
get optimization problems. This evaluation provide the researchers an insight
of selection of an appropriate algorithm depending on what is known about the
optimization problem in terms of evaluation budget, dimensionality and function
structure.

The rest of the paper is organized as follows: Sect. 2 provides a brief descrip-
tion of the selected human learning principles inspired PSO variants. In Sect. 3,
the numerical assessment of the algorithms is presented, including experimen-
tal setup, procedure for evaluating the algorithms’ performance and discussion
of the results. Section 4 summarizes the main conclusions from this study, and
suggests possible extensions for further performance improvements.
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2 Selected Human Learning Principles Inspired PSO
Algorithms

Human learning principles inspired PSO variants broadly fall into three different
categories: Self-learning principles based PSO, Social-learning principles based
PSO and Combined self and social learning principles based PSO. In this paper,
the following PSO variants carefully selected to represent different categories
have been chosen for performance evaluation.

Self Learning Principles based PSO: The Self Regulating PSO (SRPSO)
algorithm [21] and the Globally Adaptive Inertia Weight PSO (GAIWPSO) algo-
rithm [1] are the two selected human self-learning inspired PSO variants. In
SRPSO, human self-cognition in the form of regulation and perception has been
incorporated in the basic PSO algorithm for enhanced exploration and intelligent
exploitation of the search space. In GAIWPSO, a greedy approach for inertia
weight has been adopted where a human-like adaptation strategy (increasing
and decreasing according to fitness) has been incorporated which has success-
fully accelerated the convergence towards better solutions.

Social Learning Principles based PSO: The two selected algorithms inspired
from human social learning principles are the Social Learning PSO (SL-PSO)
algorithm [2] and the Competitive Swarm Optimizer (CSO) [3]. The SL-PSO
algorithm introduced a new concept where a particle is allowed to learn from any
particle that has a better performance instead of just the best particle whereas
in CSO, a pairwise competition mechanism is introduced for the particles where
all the losing particles learn from the winner particles.

Combined Self and Social Learning Principles based PSO: This category
includes those PSO variants where the particles have a self-learning mechanism
together with a guidance mechanism for better performance. These PSO variants
have shown faster convergence characteristics with efficiency and robustness over
a wide range of optimization problems. The four selected algorithms from this
category are: the Mentoring based PSO (MePSO) algorithm [24], the Teaching
and Peer-Learning PSO (TPLPSO) algorithm [12], the Example-based Learning
PSO (ELPSO) algorithm [9] and the improved SRPSO (iSRPSO) algorithm
[23]. In MePSO, the particles are divided into mentors, mentees and independent
learners where the mentees are socially guided by the mentors and other particles
perform independent search. Two phases of learning, the teaching and the peer
learning phase are introduced in TPLPSO where the under performing particles
from the teaching phase are guided through the exemplar in the peer-learning
phase. Similarly, in ELPSO, multiple exemplars are selected forming a group
of elite particles to guide other particles. A new directional update strategy
for guidance of poorly performing particles has been introduced in the iSRPSO
algorithm.

Furthermore, the basic PSO algorithm [10] has been selected as a baseline of
performance. The detailed experimental procedures are given in the next section.
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3 Numerical Assessment

3.1 Setup

The selected PSO variants are benchmarked on 24 functions (15 instances per
function) of the BBOB testbed using 104 × D function evaluations for different
dimensions. The algorithms are implemented in MATLAB R2013b on Dell Pre-
cision T3600 machine having 16 Gb RAM and 64-bit operating system using 50
particles. The parameters of all the PSO variants are set to their standard values
provided in the respective literature. A termination criteria has been used where
the execution will stop if the target function value is achieved.

3.2 Performance Evaluation Procedure

The experiments are setup following the guidelines from [7], where each algo-
rithm is evaluated on the functions [6,8] multiple trials per function with specific
target values. The algorithms are evaluated based on the number of function eval-
uations required to reach the target. The Expected Running Time (ERT) used in
the figures and tables in this paper is dependent on a given target function value,
ft = fopt + Δf . This ERT is computed over all relevant trials as the summation
over all trails of the total number of executed function evaluations during each
trail when the best function value has not achieved ft, divided by the number of
trials that actually reached ft [7,16]. For a given target Δft the rank-sum test
has been used for providing the Statistical significance. For each trial, the
test has been conducted using either the number of needed function evaluations
to reach Δft (inverted and multiplied by −1), or, if the target was not reached,
the best Δf -value achieved, measured only up to the smallest number of overall
function evaluations for any unsuccessful trial under consideration.

3.3 Performance Evaluation Discussion

The experimental evaluations are reported in Figs. 1, 2, 3, 4 and 5; and in Tables 1
and 2. Overall, Fig. 1 shows that the ERT of all variants grows on a super-
linear order with respect to the problem dimensionality. Furthermore, the Linear
Slope function and the Griewank-Rosenbrock function appear to be the most
challenging functions. From the rest of figures and tables, it has been observed
that the performance gap between the algorithms varies over different budget
settings of the function evaluations. Therefore, the discussion is based on three
different budget settings of function evaluations, viz., expensive (102 ∗ D FEs),
moderate (103 ∗ D FEs) and Cheap (104 ∗ D FEs). Under the three different
budget settings, the following can be stated about the selected PSO variants.

Expensive Budget Settings (102 ∗ D FEs): It has been stated in the respec-
tive literature that the MePSO [24], SL-PSO [2] and SRPSO [21] algorithms have
faster convergence characteristics which is evident from the experimental results
where these algorithms are performing better than others on expensive budget
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settings. The performance of all the algorithms are coupled in the lower dimen-
sions where SL-PSO has a marginally better performance. In higher dimensions,
there is a significant performance gap where MePSO has a remarkable perfor-
mance on the separable functions whereas TPLPSO and CSO are leading the
moderate and ill-conditioned functions categories. Further, the SRPSO, SL-PSO
and ELPSO algorithms are providing better solutions to the multi-modal and
weakly structured multi-modal functions. Overall, SL-PSO is performing bet-
ter on the expensive budget setting followed closely by CSO and GAIWPSO on
lower dimensions and by MePSO, SRPSO and ELPSO on the higher dimensions.
In limited budget, more participants are required to simultaneously contribute
towards convergence i.e. perform more exploitation. Human strategies applied in
SL-PSO favours exploitation over exploration, therefore, SL-PSO is performing
better.

Moderate Budget Settings (103∗D FEs): The maximum gap among the per-
formances of the algorithms has been observed under moderate budget settings.
Here, MePSO and TPLPSO have a coupled performance in all the dimensions
and are successfully providing better performance on most of the functions from
each category with a remarkable performance gap. PSO, being the baseline of
performance has the worst performance with a significant gap compared to the
other algorithms. Both the MePSO and TPLPSO algorithms belongs to the same
category of human learning principles where there is intelligent exploration and
balanced exploitation of the search space. The peer learning strategy is present
in both algorithms that has significantly contributed towards convergence by
diverging the particles towards better search areas in the solution space.

Cheap Budget Settings (104 ∗D FEs): In cheap budget setting, the particles
are given fair amount of time for exploration of the search space. As a results,
the performance of all the algorithms are coupled on lower dimensions. However,
there is a slight gap observed in the higher dimensions where the performance
of iSRPSO, TPLPSO and SRPSO are better than the others. This suggest that
the concept of guidance present in iSRPSO and TPLPSO that first allows the
particles to explore the search space and then guide the lesser performing parti-
cles towards optimum solution has a better convergence characteristic under the
cheap budget settings.

To summarize, it can be stated that none of the PSO variants is capable
enough of solving all the functions and it is also evident from the “No free
lunch theorems” [26]. But it has been observed that an algorithm is exception-
ally better than another on a class of problem (MePSO-separable functions,
ELPSO-moderate functions and TPLPSO-weakly structured multi-modal func-
tions). Also, different algorithms have varying performance on different budget
settings. MePSO, SL-PSO and TPLPSO have performed better under limited
and moderate budget settings whereas iSRPSO and TPLPSO have better per-
formances under expensive budget settings. Further, robust solutions have also
been observed by ELPSO (separable and moderate functions) and iSRPSO algo-
rithms. Overall, SL-PSO can be termed as better performer under expensive
budget settings followed by MePSO. Next, MePSO can be termed as better per-
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Fig. 1. Expected running time (ERT in number of f -evaluations as log10 value) divided
by dimension versus dimension. The target function value is chosen such that the best-
GECCO2009 artificial algorithm just failed to achieve an ERT of 10 × DIM. Different
symbols correspond to different algorithms given in the legend of f1 and f24. Light sym-
bols give the maximum number of function evaluations from the longest trial divided
by dimension. Black stars indicate a statistically better result compared to all other
algorithms with p < 0.01 and Bonferroni correction number of dimensions (six). Leg-
end: ◦:PSO, �:SRPSO, �:iSRPSO, �:MePSO, �:SL − PSO, ♦:ELPSO, �:TPLPSO,�:CSO, �:GAIWPSO
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Fig. 2. Bootstrapped empirical cumulative distribution of the number of objective
function evaluations divided by dimension (FEvals/DIM) for all functions and sub-
groups in 5-D. The targets are chosen from 10[−8..2] such that the bestGECCO2009
artificial algorithm just not reached them within a given budget of k × DIM, with
k ∈ {0.5, 1.2, 3, 10, 50}. The “best 2009” line corresponds to the best ERT observed
during BBOB 2009 for each selected target
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Fig. 3. Bootstrapped empirical cumulative distribution of the number of objective
function evaluations divided by dimension (FEvals/DIM) for all functions and sub-
groups in 10-D. The targets are chosen from 10[−8..2] such that the bestGECCO2009
artificial algorithm just not reached them within a given budget of k × DIM, with
k ∈ {0.5, 1.2, 3, 10, 50}. The “best 2009” line corresponds to the best ERT observed
during BBOB 2009 for each selected target
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Fig. 4. Bootstrapped empirical cumulative distribution of the number of objective
function evaluations divided by dimension (FEvals/DIM) for all functions and sub-
groups in 20-D. The targets are chosen from 10[−8..2] such that the bestGECCO2009
artificial algorithm just not reached them within a given budget of k × DIM, with
k ∈ {0.5, 1.2, 3, 10, 50}. The “best 2009” line corresponds to the best ERT observed
during BBOB 2009 for each selected target
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Fig. 5. Bootstrapped empirical cumulative distribution of the number of objective
function evaluations divided by dimension (FEvals/DIM) for all functions and sub-
groups in 40-D. The targets are chosen from 10[−8..2] such that the bestGECCO2009
artificial algorithm just not reached them within a given budget of k × DIM, with
k ∈ {0.5, 1.2, 3, 10, 50}. The “best 2009” line corresponds to the best ERT observed
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Table 1. Expected running time (ERT in number of function evaluations) divided
by the respective best ERT measured during BBOB-2009 in dimension 5. The ERT
and in braces, as dispersion measure, the half difference between 90 and 10 %-tile of
bootstrapped run lengths appear for each algorithm and run-length based target, the
corresponding best ERT (preceded by the target Δf -value in italics) in the first row.
#succ is the number of trials that reached the target value of the last column. The
median number of conducted function evaluations is additionally given in italics, if
the target in the last column was never reached. Entries, succeeded by a star, are
statistically significantly better (according to the rank-sum test) when compared to all
other algorithms of the table, with p = 0.05 or p = 10−k when the number k following
the star is larger than 1, with Bonferroni correction by the number of instances.
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Table 2. Expected running time (ERT in number of function evaluations) divided
by the respective best ERT measured during BBOB-2009 in dimension 20. The ERT
and in braces, as dispersion measure, the half difference between 90 and 10 %-tile of
bootstrapped run lengths appear for each algorithm and run-length based target, the
corresponding best ERT (preceded by the target Δf -value in italics) in the first row.
#succ is the number of trials that reached the target value of the last column. The
median number of conducted function evaluations is additionally given in italics, if
the target in the last column was never reached. Entries, succeeded by a star, are
statistically significantly better (according to the rank-sum test) when compared to all
other algorithms of the table, with p = 0.05 or p = 10−k when the number k following
the star is larger than 1, with Bonferroni correction by the number of instances.
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former under moderate budget settings followed by TPLPSO. Finally, iSRPSO
can be termed as the better performing algorithm on the functions followed by
TPLPSO under cheap budget settings.

4 Conclusion

This paper provides an extensive comparison of eight human learning prin-
ciples inspired PSO variants on the noiseless BBOB testbed. Based on the
results, SL-PSO and MePSO are performing better on expensive budget set-
tings, MePSO and TPLPSO are performing better on moderate budget settings
and iSRPSO and TPLPSO are performing better under cheap budget settings.
Further, iSRPSO has shown the most promising performance with robustness.
From the results, it can be inferred that MePSO and ELPSO are the most
suited algorithms for separable functions, TPLPSO and SRPSO are most suited
for low dimensional ill-conditioned and high dimensional ill-conditioned func-
tions respectively. TPLPSO and iSRPSO are most suited for multi-modal and
weakly structured multi-modal functions. Further, SRPSO and SL-PSO can also
be chosen for multi-modal functions.

It has been observed that the top performing algorithm, iSRPSO has not been
able to locate the optimum solutions on the separable functions. The algorithm
can be further investigated for providing better solutions on the separable func-
tions. Similarly, TPLPSO can be further investigated for performance enhance-
ment on moderate and multi-modal functions. The performance of ELPSO and
MePSO can be further enhanced by considering modifications in the algorithm
to tackle with ill-conditioned and multi-modal functions.

Acknowledgement. The authors wish to extend their thanks to the ATMRI:2014-
R8, Singapore, for providing financial support to conduct this study.
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