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Abstract—This paper investigates the suitability of the Particle
Swarm Optimization (PSO) and the Differential Evolution (DE)
algorithms in solving expensive optimization problems. Eight
PSO variants, and eight DE variants are experimentally com-
pared among each other. The Comparing Continuous Optimizers
(COCO) methodology was adopted in comparing these variants
on the noiseless BBOB testbed. Based on the results, we provide
useful insights regarding the algorithms’ relative efficiency and
effectiveness under an expensive budget of function evaluations;
and draw suggestions about which algorithm should be used
depending on what we know about our optimization problem
in terms of evaluation budget, dimensionality, and function
structure. Furthermore, we propose possible future research
directions addressing the algorithms limitations. Overall, DE
variants perform well in low dimensions, whereas in higher
dimensions, several PSO variants surpass DE algorithms. Among
the top performers, JADE and xPSO are the robust algorithms
for solving expensive budget problems.

I[. INTRODUCTION

In recent years, the optimization community has been
facing great challenges in designing computational meth-
ods/frameworks and algorithms that can successfully deal with
the complexity of real-world optimization problems. Some of
these problems are exceptionally difficult to solve exactly, due
to the absence of objective function information [1], where
the sole source of information about the objective function
is available through point-wise evaluation (also known as
black-box optimization). Typically, a single function evaluation
requires some computational resources (e.g., time, money,
power); an evaluation of one candidate solution might take
a whole laboratory experiment [2]. Hence, it is desired for
an optimization algorithm to be capable of achieving a good-
quality solution with a limited (expensive) budget of function
evaluation. However, an expensive budget setting is not the
only challenge. Increased dimensionality of the solution space;
differentiability, multi-modality and non-separability of the
objective function are common in real-world problems. Sub-
sequently, conventional methods fail to provide solutions on
complex multimodal problems. Nevertheless, nature-inspired
optimization algorithms, being simple and efficient, have
emerged as an attractive alternative solver for such applications

[3].

The two most promising optimization algorithms for solv-
ing complex optimization problems in the evolutionary com-
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putation (EC) community are Particle Swarm Optimization
(PSO) [4] and Differential Evolution (DE) [5]. Recently [6],
the performance of some DE variants algorithm on the BBOB
testbed [7], [8] has been evaluated for cheap-budget settings.
A similar study was conducted on the basic PSO algorithm
[9] where it exhibited promising characteristics. Current state-
of-the-art research in DE and PSO, on the other hand, has
significantly enhanced their performance, and introduced a
diverse collection of variants. The introduction of DE and PSO
variants makes the picture unclear about which algorithm is
suitable for an optimization problem, and it becomes even
more puzzling under expensive-budget settings as studies of
evolutionary algorithms are often based on a relatively cheap
budget of function evaluations [10].

This paper aims to examine the relative effectiveness and
efficiency of PSO and DE variants in solving expensive-budget
optimization problems. Through experimental evaluation, it
marks the differences in them; and investigates the suitability
of the algorithms for various optimization problems. Further-
more, it draws several concluding points that may be fruitful
for the EC community.

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 dif-
ferent stages of the search for various goals and situations. We
have adopted the Comparing Continuous Optimizer (COCO)
methodology [11] as it meets our 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 rest of the paper is organized as follows: Section II pro-
vides a brief description of the selected DE and PSO variants.
In Section III, the numerical assessment of the algorithms is
presented, starting with the experimental setup (Section III-A);
afterwards, the procedure for evaluating the algorithms’ perfor-
mance is elaborated (Section III-B); followed by a discussion
of the results (Section III-C). Section IV summarizes the main
conclusions from this study, and suggests possible directions
towards better PSO and DE algorithms for expensive-budget
settings.

II.

The PSO and DE algorithms have been a hot topic of
research in the past two decades for performance improve-

SELECTED DE & PSO ALGORITHMS
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TABLE I: DE and PSO variants considered in this paper.
Shaded algorithms are the top 3 according to our experiments

under DE and PSO category.

DE Algorithms |

Description/

DE [5]

JADE [12]

DEAE [13]
DEctpb [14]
JADED([14]
MVDE [15]

RL-SHADE [10]

DE-F-AUC [17]

the classical algorithm; a population of candidate solutions
undergoes mutation, crossover, and selection operations.

tunes the mutation factor and the crossover probability over
successive generations. Moreover, it employs a more explorative
mutation strategy from the current generation, and an archive
of parent solutions with better offspring.

derives an adaptive encoding technique for DE to make the
search independent of the coordinate system.

employs a mutation strategy similar to that of JADE, but with
no adaptation.

employs DE’s mutation strategy, but follows JADE’s parameter
adaptation technique.

applies several mutation operators; the next generation is pro-
duced via a tournament-selection process.

improves on JADE by using a historical memory of successful
parameter settings to guide the selection of future parameter
values, its parameters are further tuned using the automated
algorithm configuration tool, SMAC [16]. RL-SHADE has a
restart strategy and reduces the population size linearly.
chooses among several mutation strategies based on their suc-
cess profile using a multi-armed bandit technique.

PSO Algorithms

Description

PSO [4] the classical algorithm; a population of candidtate solutions
mimicks the collective behaviour of bird swarm

PSO-cf [18] introduces a constriction factor to control the magnitude of
particles flight

FIPS [19] introduces a novel update mechanism through weighted sum
average of all the particles

UPSO [20] considers both local and global search in every step of the search
process

CLPSO [21] particles learn from any better performing particle

DMSPSO [22] utilizes a novel dynamically changing neighbourhood topology
for search process

SRPSO [23] incorporates two unique learning strategies, namely, self-
regulating inertia weight and self-perception on the global
search direction

iSRPSO [24] introduces guidance based directional update strategy for lesser

performing particles

ment. In recent years, several promising variants of both
the algorithms have been proposed and showed significant
improvements in locating the optimum solutions. Here, we
present the selected DE and PSO variants in this evaluation
study. The selected algorithms are briefly described in Table I.
The top 3 performing variants in each category are shaded in

grey.

III. NUMERICAL ASSESSMENT

A. Setup

For DE variants, the experimental setup can be found as
follows. DE, JADE, and DEAE's settings are of [6]; DEctpb,
JADEb’s in [14]; MVDE’s in [15], RL-SHADE’s in [10], DE-
F-AUC’s in [17]. For PSO variants, we ran the selected PSO
variants on 24 functions (15 instances per function) of the
BBOB testbed with a budget of 10% x D function evalua-
tions. We used a MATLAB implementation of the algorithms
retrieved from http://www.ntu.edu.sg/home/epnsugan/, with a
modification on the terminating criteria of the variants to stop
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if the target function value f; is achieved. The parameters of
all the PSO variants are set to their standard values provided
in the codes. The choice of the swarm size is not trivial; for
DMSPSO, we used a swarm size of 60 as it was used by its
authors [22]; for the rest of the variants, a swarm size of 50 is
used as a popular choice for many numerical assessments of
PSO algorithms. Investigating the effect of the swarm size is
beyond the scope of this paper.

B. Performance Evaluation Procedure

The performance experiments are set up according to [11],
where each algorithm is run on the functions given in [7], [8]
with multiple trials per function. A set of target function values
is specified per function. The algorithms are evaluated based on
the number of function evalutions required to reach a target.
The Expected Running Time (ERT) used in the figures and
tables, depends on a given target function value, f; = fopt +
Af, and is computed over all relevant trials as the number
of function evaluations executed during each trial while the
best function value did not reach f;, summed over all trials
and divided by the number of trials that actually reached f;
[11], [25]. Statistical significance is tested with the rank-sum
test for a given target Af; using, for each trial, either the
number of needed function evaluations to reach A f; (inverted
and multiplied by —1), or, if the target was not reached, the best
A f-value achieved, measured only up to the smallest number
of overall function evaluations for any unsuccessful trial under
consideration. As we are interested in expensive settings, the
results are shown for function evaluations < 1000 x D.

C. Performance Evaluation Discussion

Results for the six selected algorithms JADE, DE-F-AUC,
JADEb, PSO-cf, DMSPSO, and UPSO! are reported in Fig-
ures 1, 2, 3, 4 and 5; and in Tables II and III. Although RL-
SHADE is not among the top three DE variants, it exhibits an
interesting performance. We show its behaviour in 2, 3, and 4.
Overall, Fig. 1 shows that the ERT of all the algorithms grows
roughly on an quadratic order with respect to the problem
dimensionality for most of the functions; the dimensionality of
the Katsuuras function (f23) plays a vital role in its difficulty.
One can notice the spread of the algorithms performance
becomes more pronounced with higher dimensions. Based on
the rest of the figures and tables, the following can be stated
about the algorithms.

1) DE variants: In general, the performance of DE-F-
AUC relatively degrades with increasing problem dimensions.
JADE shows a robust topping performance on moderate and
ill-conditioned functions with low- as well as high-dimension
search space. Multi-modal and weakly structured multi-modal
functions poise as hard problems for DE variants. RL-SHADE
is presented here, although it is not among the top, as it showed
a very promising performance. Note that it has only be given
an evaluation budget of 100D (where the rest were given
> 1000D). Within its allowed budget, RL-SHADE tops the
rest of all algorithms. Running RL-SHADE for 1000D was
not straightforward, because it required an involved set up and
a training phase with the SMAC tool.

I'The results of the other algorithms will be provided on the accompanying
website of this paper, see Section IV
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Expected running time (ERT in number of f-evaluations as log;, value) divided by dimension versus dimension. The
target function value is chosen such that the bestGECCO2009 artificial algorithm just failed to achieve an ERT of 10 x DIM.
Different symbols correspond to different algorithms given in the legend of f; and fs4. Light symbols 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). Legend: o:JADE, v:JADEb, :DE-F-AUC,
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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 subgroups 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£ x 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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artificial algorithm just not reached them within a given budget of k£ x 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 subgroups in 40-D. The targets are chosen from 100782 such that the bestGECCO2009
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JADE 18(2) 4.1() 4.3(1) 1.1(0.4) 15/15  JADE  B.2(3) 3.5(4) 42(2) 5.002) 3.1(1) 15/15
JADEb 2.003) 2.8(2) 3.002) 0.80(0.3) 15/15 JADEb [3.7(3) 1.8(1) 27(2) 35(2) 2.6(1) 15/15
DE-F-AU [1.7(2) 27(2) 63(5) 8.7(1) 3.4(2) 15/15  DE-F-AU [4.3(7) 3.8(4) 45(5) 6.1(4) 3.9(1) 15/15
RL-SHADPR.9(4) 2.5(2) 2.5(1) 1.7(0.4)* 0.33(0.4)*3 14/15 RL-SHAD]2.5(3) 2.8(2) 3.10.7) 2.0(0.7) 3.003) /15
PSO-cf  B.53) 2.7(1) 3.103) 9.0(5) 27(1) 15/15 PSO-cf [23(1) 25(2) 43(3) 5.103) 743) 15/15
DMSPSO [2.0(0.8) 2.6(2) 5.9(6) 8.903) 2.0(0.8) 15/15 DMSPSO[2.5(2) 3.8(5) 8.3(8) 6.7(4) 5.12) 15/15
UPSO  [1.5(2) 22(3) 5.2(4) 113) 2.4(0.7) 15/15  UPSO  [2.4(5) 17(2) 7.04) 7202) 4.9(2) 15/15
#FES/D 05 12 3 10 50 #succ _#FES/D 05 12 3 10 50 #suce
T 2504226 T6e+2:10 7.0e+2:19 L0e+1:65 T6e+1434 1575 16 0e+1:48 2.5e+1:16 T.6e+1:46 T.0e+ 1120 £0e+0:334 15715
JADE  B.2(2) 2.1(0.6) 3.4(3) 4.1(2) 1.5(0.2) 15/15 JADE |1.7(2) 1.5(1) 2203) 2.9(0.9) 7.5(5) 15/15
JADEb  B.8(5) 2.2(2) 2.4(0.7) 3.3(1) 1.0(0.5) 15/15 JADEb [1.2(0.6) 1.4(1) 22(2) 3.12) 5.3(6) 15/15
DE-F-AU 2.4(4) 2.1(1) 5.8(6) 8.8(1) 5.002) 15/15 DE-F-AU[1.9(0.8) 24(5) 27(2) 6.4(7) 19(15) 15/15
RL-SHADP.7(2) 2.02) 25(2) 1.90.6)*2 0.49(0.2)*3 15/15 RL-SHAD(.8(2) 1.42) 13(1) 1.2(0.7) 17(1) 10/15
PSO-cf B.1(5) 130) 276G 6403) 33(1) 15/15 PSO-cf [1.5(3) 1.4(1) 2.73) 22(3) 47(2) 15/15
DMSPSO [£.5(5) 333) Saa) 3302) 26(1) 15/15 DMSPSO|1.8(4) 2.002) 1.8(1) 2.1(2) 2.9(2) 15/15
li36) 32(7) 1403) 9303) 37(0.9) 1515 UPSO  [15(2) 23(09) 4.1(5) 4.1(4) 3303) 15/15
05 12 3 10 50 Ysuce _HFES/D 05 12 3 10 50 #suce
30130 Z0e 710 706510 706510 706510 s 7 T0e+1:52 6.3¢+0:26 0e+0:57 25¢+0:110 631412 15715
b.s@) 3202 2168) 2166) 21(10) 15/15 JADE [33(4) 1.9(1) 17(1) 1.6(1) 1.6(0.5) 15/15
b1 2.0(1) 155 15(5) 15(6) 15/15 JADEb [3.1(5) 1.92) 1.6(0.4) 1.4(0.4) 0.99(0.4) 15/15
b2 4002) 24(20) 24(9) 24(15) 15/15 DE-F-AU[5.7(5) 22(2) 3.42) 32(2) 2.6(0.8) 15/15
b0G3) 3103) 372(150) 372(300) 372(513) /15 RL-SHADR.4(2) 1.0(0.8) 1.1(0.9) 1.3(1) 1.82) 8/15
PSO-cf P.7(2) 3303 168) 16(9) 1665) \5/15 PSO-cf [25(2) 2002) 2.1(2) 1.8(0.8) 2.4(05) 15/15
DMSPSO 2.0(1) 8.3(6) 390(10) 390(5) 390(9) 15/15 DMSPSO[5.5(7) 3.5 416 432) 4202 15/15
UPSO  [1.8(1) 43(3) 203) 203) 2005) 1515 UPSO 14.3(5) 4.6(4) 43(2) 443) 312 15/15
#FEs/D 05 12 3 10 50 #suce _HFES/D 05 12 3 10 50 ftsuce
6 7005330 SSer i8S d 7061216 S 3eri oA 5301350 S5ns 18 63er134 F0ex 1772 25¢+1:20 T6e+1:58 T6e+0318  [15/15
JADE  P2(3) 2.9(4) 5.6(5) 430) 4801) \5/15 JADE  [.7(8) 25(2) 2.1(2) 1.92) 32(1) 15/15
JADEb  [L.6(1) 1502) 2.803) 28(2) 4.1009) 15/15 L4(1) L6 19@2) 1.8(1) 43(1.0) 15/15
DE-F-AU .1(2) 2.4(0.7) 7.1(7) 7.4(5) 8.3(0.4) 15/15 L.9(1) 3.5(2) 5.5(4) 4.003) 3.9(0.5) 15/15
RL-SHAD.0(10) 1.93) 3.8(2) 242) 14(14) 215 17G3) 22(1) L4 443) S5
PSO-cf  B.0G3) 17(1) 4.12) 3.9(1) 83(2) 15/15 1.93) 3.8(4) 1.9 4.8(2) 15/15
DMSPSO 2.0(2) 5.6(9) 12(15) 6.6(6) 16(3) 15/15 DMSPSO (1.3(1) 244 4.9(3) 3903 7.3(5) 15/15
UPSO  p.4(4) 212) 7.504) S.1(8) 120) 1515 UPSO  [L.8(1) 2303) 2.4(4) 3202) 4.9(1) 15/15
HFESD 05 12 3 10 50 Ysuce _HFES/D 0.5 1.2 3 10 50 #suce
7 T6c+242 7.06+2:62 25¢+1:20 F0e+054 T.0e+0:324 515 19 1.6e-1:172 1.0e-1:242 6.3e-2: 4.0e-2:3078 2.5¢-2:4946  [15/15
JADE  [.4(4) 3.84) 5.7(2) 6.2(4) 2.0(0.7) 15/15 JADE | 192(166) 276(614) 183(342) 95(133) 81(69) /15
JADEb P.3(3) 2.4(3) 3365 450) 5700.4) 1415 JADEb | 401(185) 586(1121) 422(958) 154(152) 124(146) 5/15
DE-F-AU [1.6(0.5) 1.8(3) 3.4(5) 8302 2.4(0.7) 15/15 DE-F-AU [2124(2720) 1726(2990) 967(1392) 322(219) 207(235) 6/15
RL-SHAD|1.5(2) 23(2) 3.52) 5.9(3) 2.8(2) 7/15 RL-SHAD|oo oo oo oo ©o 500 0/15
PSO-cf [1.8(2) 173) 3.6(4) 8204) 130.7) l4/15 PSO-cf | 545(796) 1478(1174) 1103(2055) oo o0 Sed o115
DMSPSO [1.9(2) 214 5.507) 103) 36(1) I5/15 DMSPSO| 50(18) 78(78) 4431) 3447) 28(18) 5/15
UPSO  [13(1) 1.503) 6.4(6) 14(6) 6.002) I5/15  UPSO | 303(467) 391(485) 1060(1351) oo o0 Sed 15
HFES/D 05 12 3 10 50 Ysuce _HFES/D 05 12 3 10 50 #suce
8 T.0e+4:46 63043638 T.0e+3:18 63ex1:54 7.6e+0:258 515 f20 (RS 4.0e+3:8.4 4.0e+1:15 2.5¢+0:69 1.0¢+0:851 15/15
JADE  B.2(6) 2402) 4704 5301 6.002) 1515 JADE [.2(2) 1.82) 5.1(1) 3.7(1) 23(1) 15/15
JADEb  [1.9(1) 26(2) 4.6(4) 110) 10012) \5/15 JADEb [23(2) 1.9(1) 5.4(3) 3.8(1.0) 0.91(0.3) 15/15
DE-F-AU p.8(2) 23() 6.5(8) 8.903) 8.402) |5/15 DE-F-AU|15(2) 172) 5.5(4) 6.7(2) 7.6(5) 15/15
RL-SHAD[3.3(5) 3.8(4) 3.9(1) 3.6(2) 14(26) 2/15 RL-SHAD|L4(1) 13(1) 4303) 2.00.6)*2 1.30.7) 6/15
PSO-cf  B.0(3) 2.4(1) 5.5(4) 5.7(1) 25(48) 14715 PSO-cf [2.6(2) 1.9(1) 5703) 8.0(4) 9.1(30) 14/15
DMSPSO P.2(2) 23(3) 4.8(5) 9.4(3) 16(8) i5/15 DMSPSO 2.2(1) 23(2) 8.8(5) 7.6(4) 3.902) 15/15
UPSO  [.5(1) 25(3) 62(3) 10(6) 112) 15/15 UPSO  [2.03) 1.8(2) 10(6) 8.9(2) 2.6(0.5) 15/15
#FEs/D 05 12 3 10 50 #suce _#FES/D 05 12 3 10 50 #suce
™ 23¢+1:20 T6e+1:26 T.0e+135 7.0e+0:62 7.6¢-2:256 15715 21 40e+139 25+ 101 1.6e+1:31 6.3¢+0:73 1.6e+0:347 55
JADE  [18(5) 16(4) 142) 18(38) 213) 15/15 JADE  [1.8(1) 1.6(2) 1.402) 3702) 3.6(5) 15/15
JADEb  [16(7) 13(4) 12(3) 14(17) 15(11) 15/15 JADEb [1.7(0.4) 17(0.7) 1.6(1) 26(2) 13(17) 15/15
DE-F-AU B2(11) 29(4) 24(4) 21(4) 16(2) 15/15 DE-F-AU [1.2(2) 17(2) 27(4) 6.2(2) 43(2) 15/15
RL-SHAD|13(4) 11(13) 10(7) 15(12) 00 500 0/15 RL-SHAD[1(0.7) 14(1) 1.92) 2.1(0.9) 23(3) s
PSO-cf  [31(20) 309) 26(9) 36(69) 669(895) 4/15  PSO-cf [1.4(0.7) 13Q2) L4(1) 4.73) 177(186) s
DMSPSO [38(14) 35(9) 32(7) 30(15) 48(19) 15/15 DMSPSO[2.4(2) 1.6(1) 1.2(0.8) 3.9(3) 12(2) 15/15
UPSO  B9(10) 34(4) 3005) 25(8) 881(952) 315 UPSO  P.0(2) 27(2) 4.005) 5.0(5) 14(39) 14/15
#FEs/D 0.5 12 3 10 50 #suce _#FEs/D 0.5 1.2 3 10 50 #suce
10 23e+6:2.9 6.3¢+57.0 25e+5:17 634354 25e+1297 515 122 6.3¢+13.6 70e+1:15 25e+132 T0e+ I:71 T.6e+0:341 55
JADE  [L.6(1) 2.1(3) 1.6(1) 5.9(4) 6.6(1) 15/15 JADE [3.1¢4) 2.4(4) 2.1(2) 2.1(1) 3.006) 15/15
JADEb P.2(3) 1.9(2) 1.4(1) 5.13) 6.5(3) 15/15 JADEb |1.8(2) 1.4(2) 1.9(2) 12(36) 18(19) 15/15
DE-F-AU [0.98(0.8) 1.7(2) 1.4(0.9) 7.6(4) 4.6(0.5) 15/15 DE-F-AU |L4(1) 1.8(1) 3.04) 4.8(3) 229(733) 13/15
RL-SHADI|1.6(0.9) 1.6(1) 1.5(2) 4.5(2) 12(9) 2/15 1.4(0.8) 1.92) 1.3(1) 1.6(2) 2.9(1) 6/15
PSO-cf [1.6(1) 22(2) 2.02) 12(4) 141(70) 10/15 1.5(2) 16(2) 22(2) 4.003) 32(46) 13/15
DMSPSO [1.2(2) 142) 1.6(4) 12(5) 40(33) 15/15 1.6(2) 25(4) 3.402) 43(1.0) 3.6(4) 15/15
UPSO  [1.8(2) 17(2) 2.02) 12(7) 206(331) 8/15 UPSO [26(2) 1.2(0.5) 15(2) 4.13) 3.6(2) 15/15
#FEs/D 0.5 12 3 10 50 #succ _#FES/D 05 12 3 10 50 #suce
i 7.0e+6:3.0 6.3e+4:62 634216 63e+1774 6. 515 123 1.0e+1:3.0 6.3¢+0:9.0 4.0e+0:33 2.5¢+0:84 1.0e+0518 15715
JADE  [17(1) 33(4) 63(3) 3.803) 63(1.0) 15/15 JADE  [2.4(3) 2.6(4) 3403) 6.5(10) 3718) 15/15
JADEb  [1.6(1) 1.5(2) 5.1(4) 5.1(5) 83(3) i5/15 JADEb [3(3) 22(2) 2.6(1) 11(14) 35(22) 15/15
DE-F-AU [1.9(2) 2.8(2) 1109) 5.6(3) 4.6(0.2) 15/15 DE-F-AU [2.4(3) 1.8(1) 43(8) 9.3(7) 9.3(4) 15/15
RL-SHADIL.5(2) 22(4) 3.7(3) 3.1(2) 0 500 0/15 RL-SHAD2.8(3) 2.8(3) 3.103) 7.3(5) 0 500 0/15
PSO-cf P.1(2) 3.4(5) 7.4(8) 17(12) 281(223) 15 PSO-cf .8(3) 3.002) 3.10) 6.6(4) 24(28) 15/15
DMSPSO [2.1(2) 2.6(1) 11(5) 4.52) 46(28) 15/15 DMSPSO 4.5(6) 3.1 3.10) 4303) 5.2(3) 15/15
UPSO  [2.8(3) 5.7(5) 12311 6.8(5) 2479(2309) 1/15 UPSO [L4(1) 372) 3.6(2) (3) 20(6) 15/15
#FEs/D 0.5 1.2 3 10 50 #suce #FEs/D 0.5 1.2 3 10 50 #succ
2 10e+736 T6e+7:76 7.0¢+6:19 1601452 T.06+0:268 15715 124 6.3e+1:15 40e+1:37 T0e+1:37 25e+ 1118 T6e+1:692 15715
JADE  [1.2(0.9) 2.1(2) 3.6(2) 142) 13(4) 15/15 JADE [2.1(1) 3.703) 3.7(3) 4703) 43(1) 15/15
JADEb  [1.6(0.7) 2.02) 3.0(1) 7.9(1) 15(6) 15/15 JADEb [2.0(2) 2.803) 2.83) 33(2) 33(4) 15/15
£.0(1.0) 33(2) 8.7(8) 203) 132) 15/15 DE-F-AU[2.7(4) 5.2(6) 5.2(3) 65(2) 3.409) 15/15
RL-SHAD|1.4(1) 25(2) 33(1) 48(3)*2 00 500 15 2-42) 372 372 53310 1o 115
PSO-cf P.1(2) 2.8(2) 3.6(2) 23(3) 388(467) 5/15 2-6(2) 4.2(2) 4.203) 53(4) 3.12) 15/15
DMSPSO [1.9(1.0) 8.0(12) 1109) 26(4) 39(78) 15/15 -96) 6.0(3) 6.03) 4.9 2.7(1) 15/15
UPSO  [1.8(2) 273) 7.1(6) 24(4) 31(52) 14/15 P8 6.7(3) 6.73) 56(2) 25(1) 15/15

TABLE II: 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 A f-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" when the number k following the star is larger than 1, with Bonferroni
correction by the number of instances.
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#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
il 63e+ 124 70+ 142 T.0e-543 7.0e-8:43 7.0e-8:43 5715 3 T.6e+328 T.0e+3:63 6.3¢+2779 Z0ex1211 25e+0:1724  [I5/15
JADE  P2(10) 2003) 486(9) 486(11) 486(11) 15/15 JADE  [13(10) 183) 26(3) 383) 1166) 15/15
JADED  [18(9) 172) 388(19) 388(25) 388(23) 15/15 JADEb [14(3) 15(4) 213) 3004) 68(56) 15/15
DE-F-AU $9(12) 46(12) 850(33) 850(48) 850(53) 15/15 DE-F-AU p4(11) 35(6) 47(5) 58(4) 12(0.9) 15/15
RL-SHAD|11(1) 7.100.5)*2 oo oo 00 2000 0/15 RL-SHAD| 8.8(3) 52(02)* 7.4(13)*2 oo 0 2000 os
PSO-cf  [10(4) 1003) 328(16) 328022) 328026) I5/15  PSO-cf | 62(4) 7.9(1) 14(4) 25(5) 107(203) 8/15
DMSPSO [17(5) 15(4) 13503) 135(3) 13533) 15/15 DMSPSO [12(7) 142) 20(3) 31(4) 20(78) 14/15
UPSO  p7(13) 24(5) 452(10) 452(14) 452(13) 15/15 UPSO  [19(8) 20(3) 20(7) 44(4) 40(146) 12/15
#FEs/D 05 12 3 10 50 #succ #FEs/D 05 12 3 10 50 #succ
) 700629 25e+6:42 T.06+5%65 T.0e+4:207 T.0e-8412 5715 114 25e+ 115 T.6e+ 142 T.0e+1775 T.6¢+0219 6341106 [15/15
JADE  [1.3(0.9) 1.8(2) 3003) 19(1) 73(4) I5/15 JADE [5(12) 22(6) 18(6) 172) 19(1) 15/15
JADEb [1.2(1) 25(2) 20(3) 12(1) 59(4) 15/15 JADEb P3(12) 16(5) 14(6) 13(1) 2004) 15/15
DE-F-AU [15(1) 49(7) 55(11) 3203) 126(9) 15/15 DE-F-AU [51(36) 36(8) 33(6) 28(3) 202) 15/15
RL-SHAD|1.3(1) 1303) 6.10.7)*4 4202)*4 00 2000 o715 RL-SHAD[17(6) 7.70.7) 5.82) 31(33) 0 2000 or1s
PSO-cf  [1.5(1) 1.6(1) 16(5) 11(2) 50(4) 15/15  PSO-cf 113(7) 8.6(4) 8.2(3) 8.9(3) 347 15/15
DMSPSO |1 73) 2ol 2005) 152) 1203 15/15 DMSPSO [19(8) 12(5) 11(1) 13(1) 1720.1) 15/15
.97(0.6) 3.6(4) 27(5) 16(2) 64(1) 15/15  UPSO  B5(19) 24(10) 2011) 193) 62(8) 15/15
: 12 3 10 50 #suce HFES/D 0.5 12 3 10 50 #suce
T0ei73 T6er 3109 70032353 SSeriar s M5 63e+215 70e+2:67 2502292 7.6+2:846 T0e+21671  |I5/15
16(5) 273) 28(8) 6.800.7) 15/15 JADE  [139) 12(4) 5.8(1) 5.8(2) 112) 15/15
12(4) 21(5) 21(4) 5.4(0.4) 15/15 JADEb |I1(5) 8.5(5) 4.7(1) 6.5(1) 18(7) 15/15
35317) So11) 3420252) 2181(1670) ans DE-F-AU[19(19) 22(7) 1001) 7100 4337 15/15
. .4(0. .1(0.9 *4 5. *3 9 RL-SHAD(12(7) 4.4(0.8) 1.9(1) 3.2(4) 18(50) 1715
I},LSCS)E,:\D g_:ggf) zg(i‘)u ” . 6:1()3’ 5%(0'77)) éﬁ:g PSO-cf | 6.3(5) 5.4(1) 3.002) 46(2) 23(32) 13/15
DMSPSO 126 2004 1ou) 6.00) 1515 DMSPSOI137) 7.12) 4100.9) 3.6(0.9) a0 15/15
UPSO 156) 280 206) 861(778) 1s UPSO  f19(16) 133) 63(1) 4.8(1) 49(3) 15/15
HFED . 12 3 10 0 psuce _HFES/D 05 12 3 10 50 #succ
™ 63ex222 70e42:91 25642250 T6e+2:332 63e+11927 55 16 $0e+1:26 23e+ 11127 L-6e+1:540 Loe+1:540 [0e+ 121384 {I5/15
JADE  Po(12) 133) 10(1) 14(1) 8.6(0.4) 1515 JADE - R4Q) 44(59) 3an 36 24(6) 15715
JADEb [15(8) 556) 7201 100 5408 \1s JADEb B8(Q2) 84(81) 78(44) 78030 60(37) 15/15
DE-FAU p1022) 3005 24 S0020) 409(187) 115 DE-FAU IS 83133) 07641 3076(2339) oo 26 os
RL.SHAD|12(2) 3606)*4 190044 420)*3 740 215 RL-SHADB8(6) 38(1) 283) 282) 68(7) 3115
PSO-cf [1(6) 7.6(0.5) 5902) 102) 4.62) 15715 PSO-cf 6(4) 20(16) 122) 1265) 414 12115
DMSPSO[12(9) 8.7(1) 6.8(1) 1001) 472) 15/15 DMSPSOR.32) 714 136 138 22(12) 15715
UPSO  B0(10) 17(5) 121) 1503) 101(234) ons  UPSO @1G5) 136 722) 722) 29(39) 15/15
#FES/D 05 12 3 10 50 #suce  HFESD 05 12 3 10 50 #suce
= PRTEST L] TeesAT T e oo S5 07 T6e+ 1T 1.0e+7:63 6.3¢+0:305 70c+0:368 7.0e+0:1030  [15/15
JADE b3 1 547 54010 540) \91s JADE | 4.45) 7.8(5) 45(2) 582) 7.42) 15/15
JADEb  B.33) 6.7(2) 37311 378) 377) 15/15 8.2(6) 9-3(6) 5:5(6) 644 1414y 15715
DE-F-AU [1.0(4) 1002) 54(9) S4(11) 54(26) 15/15 P339 zan 113 12 133 15715
RL-SHAD.3(4) 7.9(0.4) 242(222) 242(234) 242(99) 315 3.5(6) 2-9(2-5’ 3'2@) 1110 ©o 2000 orns
DMSPSO 2.5(2) 4.72) oo oo oo 2¢5 s 14(18) 1204) S6(1) 8203) 374(189) 6/15
UPSO  B.73) 5.2(1) 23(8) 23(8) 23(8) 15/15 05 1 5 10 50 hsuce
HEES/D 05 12 3 10 0 fisuce 700+ 1116 25e+1252 T.6e+ 1430 T0e+1:621 70e+0:1000 15715
[ 25¢+3:16 6.3c+ 443 T6e+4:62 T.6e+2353 T.6e+T1078  [I5/15 20 5000 630 2200 800 1S
JADE  [I13(15) 14t 15(4) HE) 100.8) 15/15 b.53) 4.1(1) 5.002) 63(2) 9.07) 15/15
JADED | 8.2(4) 8.7(4) 8.8(4) 11(6) 20(10) 15/15 ) 103) 1o 108 100) 1S
DE-F-AU [16(13) 18(7) 16(11) 29(9) 20(1) 15/15 2'0 p s
.0(0.5) 22(0.4) 42(4) 1(17) 002000 o1s
RL-SHAD| 8.0(8) 6307, Sy 3903) 00 2000 o1s b 270 332 450 52(139) 215
PSO-cf | 5.1(3) 37(1) 3.6(1) 8.33) 102) 15/15 B.o2) 3.800.7) 45(1) 5.6(1) 137) 15/15
DMSPSO [14(14) 17(7) 18(4) 5.9(3) 113) 15/15 5.5(4) 6.3(1) 8.9(10) 35(23) 151(145) 915
UPSO  [15(16) 13(12) 14(12) 133) 143) 15/15 05 12 3 10 50 #suce
#FEs/D 0.5 12 3 10 50 #suce T.6e-12.5¢5 T.0e-T3.4¢5 6.3¢-2:34e5 T0e-2:34e5 253¢234e5 /15
[y T0e+311 7004239 25e+ 274 63e+1319 TO0e+ 1351 [I5/15 oo oo oo oo oo 16 /15
JADE  [1.83) 10(5) 11(4) 8.32) 4.8(0.8) 15/15 oo oo oo oo oo 1¢6 o/
JADEb  P.2(1) 8.1(4) 9.1(1) 6.8(1) 119371) 13/15 oo oo oo oo 00206 o1
DE-F-AU B.0(5) 14(7) 16(9) 112) 5.2(0.5) 15/15 pos o oo oo 00 2000 o
0.0(0.8) 5.6(2) 4100.3)* 3503) 002000 o1s oo oo oo oo 00205 lors
1.333) 55(5) 6.0(2) 4402) 173(370) 75 12(8) oo oo oo 00205 lor1s
b3@) 7.1(6) 6.2(2) 5209 1005) 15/15 oo oo oo oo 0025 lor1s
R.500.8) 10(6) 93(3) 8.5(2) 91(122) 12/15 05 12 3 10 50 #succ
05 12 3 10 50 #suce T.6e+438 T0c+7:42 2504262 25640250 T6¢+02536  [15/15
70e+#19 25e+435 700+3:67 25e+2:231 T.6e+ 1470 [I5/15 1065) 15(7) 27(0.9) 42(7) 1001) 15/15
JADE  9(8) 21(6) 25(6) 17(2) 12(2) 15/15  JADEb | 7.8(3) 11(4) 20(3) 17(6) 3.5(0.9) 15/15
JADEb  D2(8) 16(4) 192) 143) 1165) 15/15 DE-F-AU 0(11) 28(10) 45(7) 1269(1370) 1048(1115) 1015
DE-F-AU [5421) 42(15) 4718 303) 18(5) 15/15 RL-SHAD| 7.1(0.9) 6.9(0.8) 8.8(5)* 7.4(4)*2 12(7) 115
RL-SHAD|14(0.6) 8.200.7) 7202)*3 22(16) 00 2000 015 PSO-cf | 6.2(3) 6.63) 14(5) 122) 7.9(0.2) 14/15
PSO-cf [13(10) 10(4) 133) 12(4) 18(16) 15/15 DMSPSO| 7.3(2) 7.93) 15(2) 21(5) 7.1(4) 15/15
DMSPSO 23(9) 16(5) 18(3) 18(3) 21(12) 15/15  UPSO  [13(6) 16(5) 28(4) 15(2) 16(40) 13/15
UPSO  B3(15) 24(7) 28(4) 1903) 19(7) 15/15 #FES/D 05 12 3 10 50 suce
#FES/D 05 12 3 10 50 #suce 21 6.3¢+136 T0e+ 17T F0e+ 177 T.6e+ 1456 70e+0:1008  [15/15
D T.0e+2357 6.3¢+1:360 70e+1:684 2.5e+17756 T0e+1:1716  |I5/15  JADE  B2(14) 24(6) 24(6) 75(2) 22(38) 15/15
JADE  13(1) 1008) 9.1(0.5) 1000.7) 36(4) 15/15  JADEb P6(9) 19(10) 19(8) 1123) 3367) 15/15
JADEb  [13(5) 1421) 13(17) 13(6) 24(5) 15/15  DE-F-AU {46(31) 39(24) 39(15) 13(4) 289(459) 13/15
DE-F-AU R1(2) 15(1) 14(1) 16(1) 26(5) 15/15 RL-SHAD]| 9.1(0.7) 6.6(3) 6.6(2) 4.54) 6.1(9) 4/15
20(18) oo oo oo 0 2000 0/15  PSO-cf | 8.9(2) 7.2(3) 7.2(3) 70(220) 124(229) 9/15
PSO-cf [10(1) 2002) 18(1) 17(38) 125(92) 11/15 DMSPSO [18(9) 18(9) 18(6) 7.4(13) 32(93) 14/15
DMSPSO[15(2) 110.1) 8.9(0.0) 8.00.0) 111(0.1) 15/15  UPSO  6(11) 1909) 19(8) 6.13) 18(4) 14/15
UPSO  [14(1) 11(1) 102) 112) 818(758) 215 4FESID 05 12 3 10 50 #succ
#FES/D 05 12 3 10 50 #suce 123 63e+ 145 70e+1:68 7.00+1:68 T.6e+ 1231 63e+0:1219  [I5/15
10 T6e+6:15 T.0e+627 70e+5:70 6.3e+4231 Z0e+31015 _[I5/15 JADE | 27(12) 20(16) 29(15) 36(87) 100(428) 14/15
JADE  Po24) 219) 22(15) 27(5) 142) 15/15  JADEb | 1709) 19(5) 19(4) 54(199) 52(124) 15/15
JADEb  [11(12) 16(12) 20(13) 34(11) 17(7) 15/15 DE-F-AU| 51(19) 56(16) 56(12) 27(10) 1100(822) s
DE-F-AU [17(17) 24(8) 23(8) 17(2) 7.7(0.5) 15/15 RL-SHAD| 7.7(1) 7.2(2)% 7.2()* 7.2(5) 2.5(2) 8/15
RL-SHAD[12(6) 8.9(3) 59% 1007) 00 2000 015 PSO-cf [327(1114) 221(741) 21(4) 222(434) 145(165) 8/15
PSO-cf  [10(7) 8.4(6) 11(6) 17011 86(32) 14/15 DMSPSO| 19(6) 20(8) 20(8) 1064) 2082) 13/15
DMSPSO [16(9) 14(6) 11(4) 17(6) 94(67) 15/15  UPSO | 25(9) 25(5) 25(5) 12(4) 29(123) 13/15
UPSO  [17(12) 19(14) 17(7) 25(12) 80(34) 15/15  #FEs/D 0.5 1.2 3 10 50 #succ
H#FES/D 0.5 12 3 10 50 #suce 123 6.3¢+0:29 70040118 2.5¢+0:306 2.5¢+0:306 T0e+0:1614  [15/15
i1 T0e+ 211 25e+327 T6e+2313 7.0e+2:481 T0e+1:1002  [I5/15  JADE  [1.6(2) 8.4(11) 52028) 52(62) 131(65) 15/15
JADE  [1.2(2) 3.6(2) 2122) 28(15) 92(508) 14/15  JADEb P.8(1) 1623) 153117) 153(108) 673(472) 10/15
P12 4203) 5921) 111257) 281(499) 12/15 DE-F-AU P.2(2) 10(10) 230(164) 239(340) 2385(1182) 705
1.8(1) 45(7) 8.1(5) 7.700.7) 7.3(0.5) 15/15 RL-SHADP.7(3) 5.4(4) 48(26) 48(26) 00 2000 ons
£.1(5) 3.83) 1117) 60(133) 0 2000 015 PSO-cf [.5(5) 1009) 34(29) 34(14) 164(104) 8/15
P32 2902) 20(18) 38(20) 118(42) 15/15 DMSPSO P.2(4) 5.5(5) 1065) 105) 5323) 15/15
B.23) 43(4) 2.4(0.5) 13221) 182(0.0) 15/15 UPSO  5.4(5) 13(6) 28(11) 28(17) 20(17) 15/15
B.12) 42(3) 117(101) 195(72) 0025 015 #FES/D 05 12 3 10 50 #suce
0.5 12 3 10 50 #suce 24 2.3¢+2:208 1.6e+2:918 T.0e+2:6628 6.3¢+1:9885 4.0e+1:31629  [15/15
T.0e+823 6.3¢+7:39 25¢+7:76 70e+6:209 T0e+1:1042  [I5/15  JADE | 69(1) 7.03) 7.52) 102) 103) 15/15
16(7) 20(6) 20) 15(1) 19(4) 15/15  JADEb | 7.(1) 8.9(5) 133) 36(82) 58(57) 6/15
17(5) 16(4) 153) 11(1.0) 23(18) 15/15 DE-F-AU [14(2) 11(4) 52(66) 967(1053) 304(208) 315
B3(19) 4007) 41(8) 2902) 27(7) 15/15 RL-SHAD| 3.002) 5.7(13) oo oo 002000 o1s
RL-SHAD|11(0.7) 7.500.5) 5.00.4H*4 6.1(5) 00 2000 015 PSO<f | 3.502) 7.3(8) 5.16) 15(8) 4207) 215
PSO-cf | 9.3(7) 8.4(4) 9.1(2) 7.5(1) 105(144) 10/15 DMSPSO | 4.1(1) 4.1(2) 1.8(0.5) 4.0(0.9) 5.2(3) 14/15
DMSPSO [14(11) 15(7) 142) 12(1) 8.0(3) 15/15 UPSO 8.6(3) 6.7(3) 2.6(0.3) 11(16) 91(81) 1715
UPSO  P4(10) 22(6) 21(6) 152) 16(1) 15/15

TABLE III: 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 A f-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 = 107% when the number k following the star is larger than 1, with Bonferroni
correction by the number of instances.
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2) PSO variants: In general, UPSO excels relatively on
multi-modal and weakly structured multi-modal functions.
As the problem dimensionality increases, yPSO climbs the
performance ladder, especially on separable functions. While
DMSPSO enjoys a similar performance on multi-modal func-
tions, it greatly suffers on separable functions with higher
dimensions (e.g., f5, see Table III).

Overall, JADE shows a robust performance on all dimen-
sions. Nevertheless, PSO variants appear to perform better than
DE counterparts with increasing problem dimensionality.

IV. CONCLUSION

This paper provides an extensive evaluation and compar-
ison of eight DE variants and eight PSO variants on the
noiseless BBOB testbed under limited number of function
evaluations. Based on the results, no algorithm is sutiable for
all problems. Nevertheless, JADE is shown to be performing
well. Moreover, the following remarks can be done:

Algorithms Suitability: JADE , xPSO, and UPSO are
suitable for moderate and ill-conditioned functions, separable
functions, and multi-modal functions, respectively.

Algorithms Rectifications: In general, dimensionality im-
poses a challenge on all DE algorithms (except perhaps for
JADE). DMSPSO, being one of the top performers on multi-
modal functions, should be redesigned to consider functions of
linear slope (e.g., f5). Tuning parameters shows a promising
direction in boosting the algorithms’ performance (e.g., RL-
SHADE).

Data, Code, and Future Benchmarking: The data of
these experiments will be made available on the BBOB web-
page [11]. Furthermore, a repository for PSO variant codes and
their data will be hosted online at https://sites.google.
com/site/psobenchmark/.

ACKNOWLEDGMENT

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

REFERENCES

[11 J. Hu, Y. Wang, E. Zhou, M. C. Fu, and S. I. Marcus, “A survey of
some model-based methods for global optimization,” in Optimization,
Control, and Applications of Stochastic Systems. Springer, 2012, pp.

157-179.

J. Roslund, O. M. Shir, T. Bick, and H. Rabitz, “Accelerated opti-
mization and automated discovery with covariance matrix adaptation
for experimental quantum control,” Physical Review A, vol. 80, no. 4,
p. 043415, 2009.

I. Boussaid, J. Lepagnot, and P. Siarry, “A survey on optimization
metaheuristics,” Information Sciences, vol. 237, pp. 82-117, 2013.

(3]
[4] J. Kennedy and R. Eberhart, “Particle swarm optimization,” in Proc. of
IEEE Int. Conf. on Neural Networks, 1995, pp. 1942-1948.

R. Storn and K. Price, “Differential evolution-a simple and efficient

heuristic for global optimization over continuous spaces,” Journal of
global optimization, vol. 11, no. 4, pp. 341-359, 1997.

(51

P. Posik and V. Klems, “Benchmarking the differential evolution with
adaptive encoding on noiseless functions,” in Proceedings of the 14th
annual conference companion on Genetic and evolutionary computa-
tion. ACM, 2012, pp. 189-196.

1718

[7]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

S. Finck, N. Hansen, R. Ros, and A. Auger, “Real-parameter
black-box optimization benchmarking 2009: Presentation of the
noiseless functions,” Research Center PPE, Tech. Rep. 2009/20, 2009,
updated February 2010. [Online]. Available: http://coco.gforge.inria.fr/
bbob2010-downloads

N. Hansen, S. Finck, R. Ros, and A. Auger, “Real-parameter black-box
optimization benchmarking 2009: Noiseless functions definitions,”
INRIA, Tech. Rep. RR-6829, 2009, updated February 2010. [Online].
Available: http://coco.gforge.inria.fr/bbob2012-downloads

T. Liao, D. Molina, T. Stutzle, M. A. Montes de Oca, and M. Dorigo,
“An aco algorithm benchmarked on the bbob noiseless function testbed,”
in Proceedings of the 14th annual conference companion on Genetic
and evolutionary computation. ACM, 2012, pp. 159-166.

R. Tanabe and A. Fukunaga, “Parameter tuning for differential evolution
for cheap, medium, and expensive computational budgets,” in Proceed-
ings of the IEEE Congress on Evolutionary Computation CEC 2015,
2015.

N. Hansen, A. Auger, S. Finck, and R. Ros, “Real-parameter
black-box optimization benchmarking 2012: Experimental setup,”
INRIA, Tech. Rep., 2012. [Online]. Available: http://coco.gforge.inria.
fr/bbob2012-downloads

J. Zhang and A. C. Sanderson, “Jade: adaptive differential evolution
with optional external archive,” Evolutionary Computation, IEEE Trans-
actions on, vol. 13, no. 5, pp. 945-958, 2009.

V. Klems, “Differential evolution with adaptive encoding,” Master’s
thesis, Czech Technical University in Prague, 2011. [Online]. Available:
http://cyber.felk.cvut.cz/research/theses/papers/177.pdf

V. K. Petr Pogsik, “Jade, an adaptive differential evolution algorithm,
benchmarked on the bbob noiseless testbed,” in GECCO 2012 (Com-
panion), T. Soule, Ed. ACM, 2012.

V. V. de Melo, “Benchmarking the multi-view differential evolution on
the noiseless bbob-2012 function testbed,” in GECCO 2012 (Compan-
ion), T. Soule, Ed. ACM, 2012.

F. Hutter, H. H. Hoos, and K. Leyton-Brown, “Sequential model-based
optimization for general algorithm configuration (extended version),”
Technical Report TR-2010-10, University of British Columbia, Com-
puter Science, Tech. Rep., 2010.

A. Fialho, M. Schoenauer, and M. Sebag, “Fitness-auc bandit adaptive
strategy selection vs. the probability matching one within differential
evolution: an empirical comparison on the bbob-2010 noiseless testbed,”
in Proceedings of the 12th annual conference companion on Genetic
and evolutionary computation. ACM, 2010, pp. 1535-1542.

M. Clerc and J. Kennedy, “The particle swarm - Explosion, stability,
and convergence in a multidimensional complex space,” IEEE Trans.
on Evolutionary Computation, vol. 6, no. 1, pp. 58-73, 2002.

R. Mendes, J. Kennedy, and J. Neves, “The fully informed particle
swarm: simpler, maybe better,” IEEE Trans. on Evolutionary Compu-
tation, vol. 8, no. 3, pp. 204-210, 2004.

K. Parsopoulos and M. Vrahatis, “UPSO: A unified particle swarm op-
timization scheme,” in Lecture Series on Computer and Computational
Sciences: Proc. of Int. Conf. of Computational Methods in Sciences and
Engineering, 2004, pp. 868—873.

J. Liang, A. Qin, P. Suganthan, and S. Baskar, “Comprehensive learning
particle swarm optimizer for global optimization of multimodal func-
tions,” IEEE Trans. on Evolutionary Computation, vol. 10, no. 3, pp.
281-295, 2006.

J. Liang and P. Suganthan, “Dynamic multi-swarm particle swarm
optimizer,” in Proc. of IEEE SIS, 2005, pp. 210-224.

M. R. Tanweer and S. S. amd N. Sundararajan, “Self regulating particle
swarm optimization algorithm,” Information Sciences, vol. 294, pp. 182
- 202, 2014.

M. R. Tanweer, S. Suresh, and N. Sundararajan, “Improved SRPSO
algorithm for solving cec 2015 computationally expensive numerical
optimization problems,” in IEEE Cong. on Evolutionary Computation,
2015, pp. 1-8.

K. Price, “Differential evolution vs. the functions of the second ICEO,”

in Proceedings of the IEEE International Congress on Evolutionary
Computation, 1997, pp. 153-157.



