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ABSTRACT
Self-Adaptive Search Equation based Arti�cial Bee Colony (SSEABC)

is a recent variant of Arti�cial Bee Colony (ABC) algorithm. SSEABC

proposed three enhancements on the canonical ABC algorithm.

�ese are the self-adaptive search equation selection strategy, hy-

bridization with a local search procedure and incremental popula-

tion size strategy. �e performance of SSEABC is tested on CEC

2015 benchmark suite and ranked third within all participants of

competition. In this paper, we benchmark SSEABC using the noise-

free BBOB function testbed. We also compare SSEABC performance

to PSO, ABC and GA algorithms.
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1 INTRODUCTION
Ever since the Arti�cial Bee Colony (ABC) algorithm came into

existence [11], it has been used in solving continuous optimization

problems. However, failure to produce successful results in some

types of problems has led to the emergence of many improved ABC

variants in recent years. Many of these algorithms have suggested

enhancements over one or more of the steps of the ABC algorithm
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[1, 3]. A recent research [1] has shown that the best improvements

can be made with changes to the employed bees and onlooker bees

steps or with new extensions to the canonical ABC algorithm.

A recent ABC variant, Self-adaptive Search Equation based Arti-

�cial Bee Colony (SSEABC) [14], is focused on these remediation

methods. �e SSEABC algorithm solves the problem of �nding the

appropriate search equation in the employed bees and onlooker

bees steps in a self-adaptive way. On the other hand, the algo-

rithm has been improved with iteratively increasing the number of

populations and using local search procedures.

SSEABC algorithm performance has been compared with ABC

and many contemporary algorithms on CEC 2016 benchmark func-

tions suite and it has been observed that we have obtained successful

results [14]. In this paper, the performance of SSEABC algorithm

on the BBOB functions testbed has been tested.

2 ALGORITHM PRESENTATION
SSEABC proposes three modi�cations on the original ABC algo-

rithm to improve performance. �ese strategies are based on the

self-adaptive search equation selection, hybridization with a lo-

cal search procedure and increasing population size during execu-

tion.�e pseudo-code of SSEABC is presented in Algorithm 1.

Self-adaptive search equation selection: In solving numerical op-

timization problems, the most important factor a�ecting the per-

formance of ABC algorithm is the search equations that take place

in the steps of employed bees and onlooker bees. In addition to

the search equation, the number of dimensions considered to be

changed is another important factor a�ecting the performance of

the algorithm. When considering the structure of the problem and

that is supposed to be solved; determining the appropriate search

equation becomes a di�cult task. �us, in this study, a mecha-

nism has been developed that determines the appropriate search

equation among the various candidates. To do this, SSEABC has

proposed a search equation pool which is �lled with randomly gen-

erated search equations. �e general template of candidate search

equation is as seen in Algorithm 2.

�e candidate search equations take the form of four terms with

alternatives in Table 1 with M values. At initialization step of the al-

gorithm, the pool, S , is �lled by randomly generated search equation

using Algorithm 2 and Table 1.�en, at each iteration a candidate

search equation from the pool is used in the employed bees and

onlooker bees steps. �is process repeats until all candidates used

in the pool. �roughout these steps, the number of success rates

of the search equations that provide the update of the solution is

increased. A�er all the candidate search equations in the pool are

1742



GECCO ’17 Companion, July 15-19, 2017, Berlin, Germany Dogan Aydin et. al.

Algorithm 1 �e Pseudo-code for the SSEABC algorithm

function SSEABCMain

2: Initialization

�ll search equations pool, S , with randomly generated search equations

4: itr = 0

isCompetitionNeeded = TRUE
6: while termination condition is not met do

EmployedBeesStep(S[itr (mod ps)]) ▷ it also counts number of successful updates with S[itr (mod ps)]
8: OnlookerBeesStep(S[itr (mod ps)]) ▷ it also counts number of successful updates with S[itr (mod ps)]

ScoutBeesStep()

10: Xдbest = getBestFoodSource()

if currentFES ≥ tr ∗MAXFES & isLocalSearchCallNeeded == TRUE then
12: applyLocalSearch(Xдbest )

if SN < SNmax and itr (mod д) == 0 then ▷ Incemental population size strategy

14: add new solution to the current population by using Equation 2

if all search equations are used then ▷ A part of the self-adaptive search equation determination strategy

16: shrink the search equations pool size ,ps , with Equation 1

itr = itr + 1

18: return Xдbest as the best solution

Algorithm 2 �e general form of the search equation

1: form = 1 to M do
2: select random dimension j (1 ≤ j ≤ D)

3: xi, j = term1 + term2 + term3 + term4

used in the employed bees and onlooker steps, ps , which is the size

of the pool, is scaled down by the equation 1:

ps =
ps2

itrMAX
(1)

where MAXFES is the maximum number of function evaluations

for one execution and 2×SN is the number of function evaluations

at each iteration and where itrMAX is the approximated value of

the maximum number of iterations. itrMAX is the approximated

value because the incremental population size strategy in which

SN is changing over time. Finally, when the algorithm �nishes its

execution, very few search equations, which are the appropriate

ones, remain in the pool only.

hybridization with a local search procedure. : In SSEABC algo-

rithm, bees move using the SSEABC rules and by the invocation of

a local search procedure. Speci�cally, best-so-far solution is used as

the initial solution a local search procedure is called from. �e �nal

solution found through local search becomes the new best-so-far

solution if it is be�er than the initial solution. In SSEABC, the local

search procedure is not called every iteration. �e local search

procedure is called only when it is expected that its invocation will

result in an improvement of the-best-so-far solution. In previous

implementation of SSEABC [14], competitive local search selec-

tion procedure was used. However, for the BBOB testbed, we used

CMA-ES algorithm [12] as the local search procedure because com-

petitive local search selection provides a wasteful use of function

evaluations.

Table 1: Alternative options for each component in the gen-
eralized search equation. xG, j , xGD, j , xSC, j , xMD, j , xWO, j
and xAV E, j are best-so-far, best-distance, second best, me-
dian, worst foods sources at dimension j, respectively. On
the other hand, Xr1 and Xr2 are two randomly selected food
source and xAV E, j refers to average positions of the food
source at dimension j. ϕN can take two possible ranges:
[−1,−1] and [−SF ,SF ] where SF is randomly selected posi-
tive real value. �ese ranges are decided randomlywhile cre-
ating each component of randomly generated search equa-
tion.

M term1 term2 ∣∣ terms3 ∣∣ terms4

1 xi, j ϕN (xi, j − xG, j)
k (1 ≤ k ≤ D) xG, j ϕN (xi, j − xr1, j)

[t ,k] (1 ≤ t < k ≤ D) xr1, j ϕN (xG, j − xr1, j)

ϕN (xr1, j − xr2, j)

ϕN (xi, j − xGD, j)

ϕN (xi, j − xSC, j)
ϕN (xi, j − xMD, j)

ϕN (xi, j − xWO, j)

ϕN (xSC, j − xMD, j)

ϕN (xMD, j − xWO, j)

ϕN (xG, j − xWO, j)

ϕN (xr1, j − xMD, j)

ϕN (xG, j − xMD, j)

ϕN (xr1, j − xWO, j)

ϕN (xSC, j − xr1, j)

ϕN (xi, j − xAV E, j)

ϕN (xr1, j − xAV E, j)

ϕN (xG, j − xAV E, j)

DoNotUse
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Incremental population size strategy: �is strategy is very similar

to the incremental social learning (ISL) framework [2, 4]. According

to this strategy, SSEABC starts to work with a small population.

During the algorithm execution, a new solution in�uenced by the

best-so-far solution is added to the population a�er a certain num-

ber of iterations called growth period, д. �is addition process

continues until the maximum population value is reached. �e

solution to be newly added to the population is created using the

equation 2:

x́new, j = xnew, j + φi, j(xG, j − xnew, j) (2)

where x́new, j is the new solution to be added.

3 EXPERIMENTAL PROCEDURE
We have used the default parameter values for SSEABC and CMAES

algorithms which were given in [14] and [12] respectively. A maxi-

mum of 10
4D function evaluations was used. Every periodic 2500D

function evaluations SSEABC restarts without forge�ing the best-

so-far solution.

4 CPU TIMING
In order to evaluate the CPU timing of the algorithm, we have

run the SSEABC on the f 8 without restarts 30 seconds and until a

maximum budget equal to 1000D is reached. �e C++ code was run

on a Intel Xeon E5410 quadcore CPUs running at 2.33 GHz with 2

x 6 MB L2 cache and 8 GB RAM. �e time per function evaluation

for dimensions 2, 3, 5, 10, 20, 40 equals 0.0041, 0.0082, 0.0146, 0.627,

1.421, and 2, 751 seconds respectively.

5 RESULTS
Results from experiments according to [10] and [6] on the bench-

mark functions given in [5, 9] are presented in Figures 1, 2 and 3

and in Tables 2 and 3. �e experiments were performed with COCO

[8], version 2.0, the plots were produced with version 2.0.

�e average runtime (aRT), used in the �gures and tables,

depends on a given target function value, ft = fopt + ∆f , and is

computed over all relevant trials as the number of function evalua-

tions executed during each trial while the best function value did

not reach ft, summed over all trials and divided by the number of

trials that actually reached ft [7, 13]. Statistical signi�cance is

tested with the rank-sum test for a given target ∆ft using, for each

trial, either the number of needed function evaluations to reach ∆ft
(inverted and multiplied by −1), or, if the target was not reached,

the best ∆f -value achieved, measured only up to the smallest num-

ber of overall function evaluations for any unsuccessful trial under

consideration.

From the experiments, we observed that SSEABC solved 11 func-

tions in dimension 5 and 5 functions in dimension 20 with 100%

success rate. Over from dimension from 2 to 20, SSEABC solved f 1,

f 5, f 6, f 7, f 8, f 9, f 11, f 12 and f 21. It is also seen that f 4, f 19

and f 24 are the most di�cult problems for SSEABC. For both 5

and 20 dimensional problems, SSEABC can not reach the optimum

result in any instance. On the other hand, when the problem size

increases, the performance of the SSEABC algorithm decreases. As

seen in 20-D results, 13 out of the 24 functions have not been solved

to the hardest target 10
−8

.

Comparison of SSEABC algorithm to PSO, ABC and GA in previ-

ous BBOB workshops are presented in Figure 2. We have seen that

SSEABC outperforms PSO, ABC and GA for almost all functions.

Moreover, SSEABC obtains be�er run-time performance than refer-

ence algorithms on the moderate, ill-conditioned and multi-modal

functions. When the comparison results are examined, SSEABC for

f 4 and f 20 seems to give bad results from ABC. Although SSEABC

is an improved variant of the ABC algorithm, it is surprising at �rst

glance that this situation has emerged. However, this is related to

the fact that the entirely selected local search algorithm does not

work well on these problems. �e use of a certain amount of the

function evaluations budget by CMA-ES yields this result.

6 CONCLUSION
In this paper, we present the benchmark results of SSEABC algo-

rithm on BBOB functions testbed. We have also compared the

performance of SSEABC to the data obtained by PSO, ABC and

GA algorithms. �e comparison results showed that SSEABC al-

gorithm can outperforms the compared algorithms and it is very

competitive to (1+1)-CMA-ES and BIPOP-CMA-ES in moderate and

ill-conditioned functions.
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Figure 1: Average running time (aRT in number of f -evaluations as log
10

value), divided by dimension for target function
value 10

−8 versus dimension. Slanted grid lines indicate quadratic scaling with the dimension. Di�erent symbols correspond
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from the longest trial divided by dimension. Black stars indicate a statistically better result compared to all other algorithms
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Figure 3: Bootstrapped empirical cumulative distribution of the number of objective function evaluations divided by dimen-
sion (FEvals/DIM) for 51 targets with target precision in 10

[−8..2] for all functions and subgroups in 20-D. �e “best 2009” line
corresponds to the best aRT observed during BBOB 2009 for each selected target.
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∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f1 11 12 12 12 12 12 12 15/15

PSO 3.7(2) 22(9) 56(18) 117(24) 185(15) 322(40) 458(67) 15/15

GA 8.7(16) 369(261) 1202(122) 2130(335) 2989(447) 5474(410) 8468(495) 13/15

ABC 12(14) 32(20) 63(22) 90(42) 124(24) 194(18) 259(14) 15/15

SSEABC 5.9(3) 12(2)
⋆2 18(0.9)

⋆3 26(3)
⋆4 32(3)

⋆4 45(2)
⋆4 56(4)

⋆4
15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f2 83 87 88 89 90 92 94 15/15

PSO 32(8) 41(7) 49(6) 60(6) 68(11) 89(16) 106(13) 15/15

GA 334(55) 459(34) 609(100) 772(60) 1301(1434) 2156(4125) 2535(117) 13/15

ABC 11(3) 18(9) 26(8) 30(17) 38(10) 50(8) 62(7) 15/15

SSEABC 15(4) 18(4) 19(2) 20(2) 21(2)
⋆3 22(2)

⋆4 23(1)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f3 716 1622 1637 1642 1646 1650 1654 15/15

PSO 52(1) 55(3) 275(306) 275(305) 275(685) 276(304) 276(229) 8/15

GA 19(2) 18(1) 25(2) 34(3) 43(5) 112(80) 200(156) 11/15

ABC 1.0(0.5) 1.5(0.7)
⋆3 1.8(0.6)

⋆4 2.4(0.4)
⋆4 2.7(0.5)

⋆4 3.6(0.4)
⋆4 4.4(0.7)

⋆4
15/15

SSEABC 1.2(1) 9.2(7) 49(70) 74(122) 132(122) 132(83) 210(165) 2/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f4 809 1633 1688 1758 1817 1886 1903 15/15

PSO 3.0(0.9) 141(232) 4152(2296) 3988(4764) 3859(4403) 3719(5435) 3687(2562) 1/15

GA 18(3) 20(2) 26(1) 33(4) 41(6) 58(4) 185(70) 9/15

ABC 1.1(0.5) 2.4(0.5)
⋆3 2.9(2)

⋆4 3.4(1)
⋆4 4.3(2)

⋆3 4.9(0.9)
⋆4 6.0(1)

⋆4
15/15

SSEABC 2.7(3) ∞ ∞ ∞ ∞ ∞ ∞ 5e4 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f5 10 10 10 10 10 10 10 15/15

PSO 10(1) 14(2) 16(4) 16(7) 16(7) 16(7) 16(6) 15/15

GA 481(227) 2072(340) 3983(177) 6349(609) 9220(737) 1.7e4(1635) 3.4e4(2591) 0/15

ABC 32(34) 49(20) 58(30) 59(29) 59(32) 59(34) 59(29) 15/15

SSEABC 6.6(3)
⋆2

22(26) 34(32) 41(43) 46(29) 51(32) 51(68) 15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f6 114 214 281 404 580 1038 1332 15/15

PSO 4.7(5) 9.0(3) 11(3) 12(3) 11(3) 10(2) 11(1) 15/15

GA 66(34) 148(61) 382(73) 3680(4345) 1.2e4(2e4) ∞ ∞ 5e5 0/15

ABC 4.9(3) 15(9) 365(36) 408(51) 619(665) 498(362) 507(705) 6/15

SSEABC 2.0(0.6)
⋆2 1.9(0.3)

⋆4 2.0(0.5)
⋆4 1.8(0.2)

⋆4 1.6(0.3)
⋆4 1.2(0.1)

⋆4 1.2(0.1)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f7 24 324 1171 1451 1572 1572 1597 15/15

PSO 11(15) 9.5(14) 587(953) 475(487) 541(513) 541(644) 533(895) 6/15

GA 49(47) 35(8) 57(218) 245(265) 524(648) 524(415) 523(1024) 5/15

ABC 19(30) 16(8) 62(51) 464(514) 957(1649) 957(1331) 1359(2374) 1/15

SSEABC 5.9(3) 1.9(2) 1.4(0.6)
⋆3 1.4(1)

⋆3 1.4(0.6)
⋆4 1.4(0.8)

⋆4 1.4(1)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f8 73 273 336 372 391 410 422 15/15

PSO 13(5) 153(4) 201(54) 313(18) 467(364) 781(90) 1104(98) 7/15

GA 187(62) 837(2016) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

ABC 6.0(1) 12(13) 52(120) 449(875) 2510(1785) ∞ ∞ 5e5 0/15

SSEABC 4.7(1) 5.6(7) 8.7(1.0)
⋆2 14(51)

⋆3 14(9)
⋆4 14(1.0)

⋆4 14(8)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f9 35 127 214 263 300 335 369 15/15

PSO 24(11) 938(1013) 678(631) 794(1464) 1131(1699) 2363(2310) 2753(1061) 5/15

GA 418(128) 5.6e4(5e4) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

ABC 14(12) 69(66) 699(628) 3994(3662) ∞ ∞ ∞ 5e5 0/15

SSEABC 9.0(3) 11(12)
⋆3 9.0(9)

⋆3 14(0.8)
⋆3 15(0.7)

⋆4 14(29)
⋆4 13(17)

⋆4
15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f10 349 500 574 607 626 829 880 15/15

PSO 1741(4116) 3259(4409) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

GA 2375(3287) ∞ ∞ ∞ ∞ ∞ ∞ 5e5 0/15

ABC 2.1e4(2e4) ∞ ∞ ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 3.5(1)
⋆4 3.1(0.3)

⋆4 3.0(0.1)
⋆4 3.0(0.4)

⋆4 3.1(0.2)
⋆4 2.5(0.2)

⋆4 2.5(0.2)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f11 143 202 763 977 1177 1467 1673 15/15

PSO 91(89) 235(144) 123(68) 140(37) 164(63) 243(170) 391(177) 8/15

GA 338(1814) 7124(4983) 9351(1e4) ∞ ∞ ∞ ∞ 5e5 0/15

ABC 160(289) 6082(5255) 9334(7701) ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 8.5(0.7)
⋆ 7.2(0.7)

⋆4 2.1(0.2)
⋆4 1.8(0.3)

⋆4 1.6(0.1)
⋆4 1.4(0.1)

⋆4 1.3(0.1)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f12 108 268 371 413 461 1303 1494 15/15

PSO 748(3477) 3747(7929) 5406(6065) 7886(1e4) 1.5e4(2e4) ∞ ∞ 5e5 0/15

GA 933(2397) 2447(4671) 1.9e4(1e4) ∞ ∞ ∞ ∞ 5e5 0/15

ABC 99(133) 547(878) 5846(4067) ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 7.2(8)
⋆3 7.4(13)

⋆3 11(2)
⋆3 13(3)

⋆3 17(11)
⋆3 8.3(10)

⋆4 11(4)
⋆4

12/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f13 132 195 250 319 1310 1752 2255 15/15

PSO 1582(4308) 1.0e4(1e4) 2.8e4(2e4) ∞ ∞ ∞ ∞ 5e5 0/15

GA 243(34) 726(57) 4390(4528) 2.3e4(2e4) ∞ ∞ ∞ 5e5 0/15

ABC 18(15) 187(310) 6613(8618) ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 3.8(1)
⋆2 5.9(2)

⋆4 6.5(4)
⋆4 6.7(1)

⋆4 1.9(0.4)
⋆4 1.8(0.2)

⋆4 1.8(0.2)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f14 10 41 58 90 139 251 476 15/15

PSO 1.8(2) 5.6(2) 15(2) 21(5) 29(8) 219(291) ∞ 5e5 0/15

GA 2.1(1) 90(44) 267(55) 305(32) 349(66) ∞ ∞ 5e5 0/15

ABC 3.4(2) 11(10) 19(6) 29(11) 677(1236) ∞ ∞ 5e5 0/15

SSEABC 3.0(4) 3.7(0.7) 4.4(1)
⋆4 4.4(0.9)

⋆4 4.8(0.6)
⋆4 5.7(0.6)

⋆4 4.6(0.3)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f15 511 9310 19369 19743 20073 20769 21359 14/15

PSO 16(72) 221(253) 366(910) 359(437) 353(467) 342(590) 333(275) 1/15

GA 35(6) 91(175) 367(538) 361(242) 355(331) 345(429) ∞ 5e5 0/15

ABC 15(6) 243(161) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 1.2(0.3)
⋆3 0.93(0.3)

⋆3 1.0(0.9)
⋆4 1.1(0.6)

⋆4 1.7(1.0)
⋆4 7.9(8)

⋆4 10(15)
⋆4

1/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f16 120 612 2662 10163 10449 11644 12095 15/15

PSO 2.4(3) 6.2(7) 59(59) 55(28) 89(96) 300(333) 580(486) 0/15

GA 2.1(2) 84(65) 93(95) 71(114) 148(111) 621(345) 605(706) 0/15

ABC 2.3(2) 10(7) 95(93) ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 2.8(2) 2.0(3)
⋆ 4.1(6) 1.4(1)

⋆ 1.9(2)
⋆2 3.8(7)

⋆2 18(35)
⋆2

3/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f17 5.0 215 899 2861 3669 6351 7934 15/15

PSO 3.4(2) 169(583) 142(0.8) 156(350) 548(239) 514(433) 420(438) 1/15

GA 5.6(2) 46(13) 36(1) 52(4) 189(190) 550(1166) ∞ 5e5 0/15

ABC 6.8(7) 15(7) 64(46) 1259(798) ∞ ∞ ∞ 5e5 0/15

SSEABC 4.4(5) 1.1(0.3)
⋆3 1.4(3)

⋆2 1.2(1)
⋆2 1.2(0.9)

⋆3 20(18)
⋆ 90(109)

⋆
1/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f18 103 378 3968 8451 9280 10905 12469 15/15

PSO 2.3(2) 6.6(5) 113(95) 253(414) ∞ ∞ ∞ 5e5 0/15

GA 22(18) 59(15) 34(3) 134(154) ∞ ∞ ∞ 5e5 0/15

ABC 5.1(4) 27(27) 300(368) ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 1.5(0.5) 2.2(5)
⋆2 0.89(1) 0.89(0.1)

⋆3 1.4(1)
⋆4 21(21)

⋆4 29(73)
⋆4

2/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f19 1 1 242 1.0e5 1.2e5 1.2e5 1.2e5 15/15

PSO 35(30) 3381(3064) 2450(4336) 67(85) 60(105) 61(69) 61(32) 0/15

GA 35(23) 1.2e4(7520) 700(368) 68(48) 60(57) ∞ ∞ 5e5 0/15

ABC 34(48) 2898(1540) 3826(3344) 69(51) ∞ ∞ ∞ 5e5 0/15

SSEABC 47(43) 2379(5798) 158(101)
⋆2 3.4(3)

⋆2 6.0(3)
⋆2 6.0(3)

⋆2 5.9(6)
⋆2

0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f20 16 851 38111 51362 54470 54861 55313 14/15

PSO 8.7(4) 3.1(1.0) 27(17) 20(22) 19(21) 19(11) 18(23) 5/15

GA 47(51) 21(6) 1.00(0.1) 1.0(0.2) 1.3(0.1) 2.6(0.3) 5.0(7) 11/15

ABC 7.2(3) 1.5(0.7)
⋆2 0.55(0.5) 0.48(0.5) 0.58(0.2) 1.5(2) 2.6(2) 15/15

SSEABC 6.9(3) 12(15) 18(25) 14(31) 13(25) 13(14) 13(14) 1/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f21 41 1157 1674 1692 1705 1729 1757 14/15

PSO 2.0(2) 379(541) 262(523) 260(370) 258(734) 255(506) 252(214) 8/15

GA 4.6(3) 5.5(2) 61(161) 68(232) 70(154) 139(219) 291(292) 8/15

ABC 3.2(2) 1.8(2) 6.7(8) 10(8) 13(14) 84(138) 265(149) 8/15

SSEABC 2.1(1) 5.0(8) 13(16) 13(15) 13(13) 13(10) 15(22) 12/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f22 71 386 938 980 1008 1040 1068 14/15

PSO 2.6(2) 326(1296) 469(534) 450(1022) 439(496) 429(726) 422(704) 8/15

GA 6.0(4) 18(13) 387(402) 648(1160) 1489(1743) 6832(1e4) ∞ 5e5 0/15

ABC 5.1(4) 7.6(13) 35(85) 237(384) 374(436) 3312(2932) 6897(4331) 0/15

SSEABC 3.2(0.6) 40(112) 51(51) 60(94) 68(66) 81(88) 93(201) 6/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f23 3.0 518 14249 27890 31654 33030 34256 15/15

PSO 2.2(3) 20(15) 243(189) ∞ ∞ ∞ ∞ 5e5 0/15

GA 1.5(0.8) 59(71) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

ABC 2.2(2) 19(38) ∞ ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 2.6(2) 10(10) 6.1(13)
⋆ 25(33)

⋆ 22(21)
⋆ 21(14)

⋆ 21(16)
⋆

1/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f24 1622 2.2e5 6.4e6 9.6e6 9.6e6 1.3e7 1.3e7 3/15

PSO 5.7(8) ∞ ∞ ∞ ∞ ∞ ∞ 5e5 0/15

GA 21(11) ∞ ∞ ∞ ∞ ∞ ∞ 5e5 0/15

ABC 13(11) ∞ ∞ ∞ ∞ ∞ ∞ 5e5 0/15

SSEABC 2.8(2) ∞ ∞ ∞ ∞ ∞ ∞ 5e4 0/15

Table 2: Average runtime (aRT in number of function evaluations) divided by the respective best aRT measured during BBOB-
2009 in dimension 5. �e aRT and in braces, as dispersionmeasure, the half di�erence between 10 and 90%-tile of bootstrapped
run lengths appear for each algorithm and target, the corresponding reference aRT in the �rst row. �e di�erent target ∆f -
values are shown in the top row. #succ is the number of trials that reached the (�nal) target fopt + 10

−8. �e median number
of conducted function evaluations is additionally given in italics, if the target in the last column was never reached. En-
tries, succeeded by a star, are statistically signi�cantly 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 of 110. A ↓ indicates the same tested against the best algorithm from BBOB 2009. Best results are printed in bold.
Data produced with COCO v2.1
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∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f1 43 43 43 43 43 43 43 15/15

PSO 22(8) 3399(1e4) 3446(30) 3507(20) 3563(31) 3680(1e4) 3808(1e4) 14/15

GA 876(70) 1905(150) 3205(297) 1.2e4(1e4) 3.1e4(4e4) 6.7e5(7e5) ∞ 2e6 0/15

ABC 36(20) 66(39) 94(44) 136(51) 177(58) 292(21) 374(29) 15/15

SSEABC 9.4(0.8)
⋆3 16(1)

⋆4 22(2)
⋆4 28(2)

⋆4 34(1)
⋆4 48(2)

⋆4 61(3)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f2 385 386 387 388 390 391 393 15/15

PSO 4576(6494) 4571(7774) 4565(3877) 4560(5152) 4543(1e4) 4546(8955) 4537(6364) 8/15

GA 3228(7787) 6769(4016) 7.3e4(8e4) ∞ ∞ ∞ ∞ 2e6 0/15

ABC 12(3)
⋆4 16(3)

⋆4 23(4)
⋆4 30(6)

⋆4 40(8)
⋆3 56(5)

⋆4 70(4)
⋆4

15/15

SSEABC 37(6) 44(4) 52(3) 101(67) 242(128) 1031(1407) ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f3 5066 7626 7635 7637 7643 7646 7651 15/15

PSO ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 29(2) 3709(3871) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 1.5(0.7)
⋆4 2.7(1)

⋆4 3.0(2)
⋆4 3.2(2)

⋆4 3.6(1)
⋆4 4.1(0.8)

⋆4 4.9(0.5)
⋆4

15/15

SSEABC28(17) ∞ ∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f4 4722 7628 7666 7686 7700 7758 1.4e5 9/15

PSO 5940(9530) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 65(3) 3751(4657) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 2.0(1)
⋆4 4.2(1)

⋆4 5.6(3)
⋆4 6.0(1)

⋆4 6.3(1)
⋆4 7.3(5)

⋆4 0.45(0.3)
⋆4

15/15

SSEABC∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f5 41 41 41 41 41 41 41 15/15

PSO 4.3e4(5e4) 4.3e4(4e4) 4.3e4(9e4) 4.3e4(7e4) 4.3e4(7e4) 4.3e4(7e4) 4.3e4(6e4) 8/15

GA 2137(191) 4548(244) 7446(322) 1.1e4(482) 1.4e4(491) 2.2e4(780) 2.3e5(3e5) 0/15

ABC 68(15) 89(32) 92(40) 92(37) 92(23) 92(29) 92(24) 15/15

SSEABC 25(7) 74(29) 107(77) 145(106) 190(142) 245(195) 282(46) 15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f6 1296 2343 3413 4255 5220 6728 8409 15/15

PSO 1082(3109) 1009(1499) 705(735) 586(942) 502(619) 423(394) 577(477) 5/15

GA 1955(4251) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 46(15) 453(260) 2587(2379) ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 1.3(0.2)
⋆4 1.2(0.1)

⋆4 1.1(0.1)
⋆4 1.1(0.1)

⋆4 1.1(0.1)
⋆4 1.1(0.1)

⋆4 1.1(0.0)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f7 1351 4274 9503 16523 16524 16524 16969 15/15

PSO 427(776) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 77(8) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 251(319) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 0.94(0.2)
⋆4 5.0(2)

⋆4 3.4(0.7)
⋆4 2.1(0.6)

⋆4 2.1(0.0)
⋆4 2.1(0.3)

⋆4 2.1(0.3)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f8 2039 3871 4040 4148 4219 4371 4484 15/15

PSO 90(41) 307(305) 350(436) 406(574) 466(205) 894(1065) 3276(5241) 1/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 3.9(2) 5.9(2) 10(2) 37(28) 353(285) ∞ ∞ 2e6 0/15

SSEABC 4.1(0.9) 5.7(6) 5.9(6)
⋆ 8.4(12)

⋆2 12(18)
⋆3 34(29)

⋆3 68(192)
⋆3

7/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f9 1716 3102 3277 3379 3455 3594 3727 15/15

PSO 670(245) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 699(538) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 4.6(0.6)
⋆4 6.1(8)

⋆4 6.5(0.4)
⋆4 12(4)

⋆4 17(29)
⋆4 38(38)

⋆4 70(71)
⋆4

4/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f10 7413 8661 10735 13641 14920 17073 17476 15/15

PSO ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC1.8(0.3)
⋆4 1.9(0.2)

⋆4 1.7(0.1)
⋆4 1.7(1)

⋆4 3.7(2)
⋆4 13(11)

⋆4 80(74)
⋆4

0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f11 1002 2228 6278 8586 9762 12285 14831 15/15

PSO 143(56) 186(32) 109(13) 114(15) 132(14) 148(13) 2019(2596) 0/15

GA 2.9e4(3e4) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 10(0.4)
⋆4 5.0(0.2)

⋆4 1.9(0.1)
⋆4 1.5(0.0)

⋆4 1.4(0.0)
⋆4 1.2(0.0)

⋆4 1.0(0.0)
⋆4

15/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f12 1042 1938 2740 3156 4140 12407 13827 15/15

PSO 1703(2413) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 26(5) 67(123) 429(391) 2184(3212) 7243(1e4) ∞ ∞ 2e6 0/15

SSEABC 2.6(4)
⋆4 3.3(3)

⋆4 3.9(2)
⋆4 5.2(1)

⋆4 6.0(7)
⋆4 6.3(2)

⋆4 19(22)
⋆4

6/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f13 652 2021 2751 3507 18749 24455 30201 15/15

PSO 6153(1e4) 6441(9154) 1.0e4(6543) 7993(8982) 1495(2000) ∞ ∞ 2e6 0/15

GA 5114(7690) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 25(12) 73(78) 627(764) 3931(4428) 1555(1840) ∞ ∞ 2e6 0/15

SSEABC 4.0(3)
⋆3 5.6(9)

⋆3 22(19)
⋆3 31(47)

⋆3 15(21)
⋆2

∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f14 75 239 304 451 932 1648 15661 15/15

PSO 6.7(3) 12(3) 20(3) 27(5) 54(16) ∞ ∞ 2e6 0/15

GA 277(55) 320(51) 477(46) 2898(3457) ∞ ∞ ∞ 2e6 0/15

ABC 18(9) 18(11) 28(12) 53(7) 3379(2409) ∞ ∞ 2e6 0/15

SSEABC 5.2(1) 3.2(0.4)
⋆4 4.0(0.3)

⋆4 4.5(0.5)
⋆4 4.3(0.5)

⋆4 6.4(0.7)
⋆4 3.8(2)

⋆4
0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f15 30378 1.5e5 3.1e5 3.2e5 3.2e5 4.5e5 4.6e5 15/15

PSO ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC0.61(0.0)
⋆4

∞ ∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f16 1384 27265 77015 1.4e5 1.9e5 2.0e5 2.2e5 15/15

PSO 111(364) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 138(24) 1037(1853) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 13(12) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 1.3(1)
⋆3 0.40(0.9)

⋆4 4.9(9)
⋆4

∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f17 63 1030 4005 12242 30677 56288 80472 15/15

PSO 3.2(2) 2503(1944) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 57(60) 92(7) 7071(8495) ∞ ∞ ∞ ∞ 2e6 0/15

ABC 34(24) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 3.1(1.0) 0.95(0.2)
⋆4 1.3(2)

⋆4 1.8(2)
⋆4 16(22)

⋆4 50(48)
⋆4

∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f18 621 3972 19561 28555 67569 1.3e5 1.5e5 15/15

PSO 236(1613) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 76(11) 311(644) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 4.6e4(5e4) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 1.1(0.4)
⋆4 0.76(0.1)

⋆4 1.1(0.9)
⋆4 31(41)

⋆4 20(17)
⋆4

∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f19 1 1 3.4e5 4.7e6 6.2e6 6.7e6 6.7e6 15/15

PSO 382(192) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 1.4e4(3172) 6.5e5(8e4) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 2292(1664) ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 329(60) 4.7e4(4e4)
⋆4
∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f20 82 46150 3.1e6 5.5e6 5.5e6 5.6e6 5.6e6 14/15

PSO 17(4) 50(65) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 502(60) 2.8(0.3) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 16(5) 0.12(0.1)
⋆3

∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 6.9(1.0)
⋆4

62(63) ∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f21 561 6541 14103 14318 14643 15567 17589 15/15

PSO 1785(2675) 4281(4434) 1986(1985) 1956(1362) 1913(2527) 1799(1831) 1593(2047) 1/15

GA 90(41) 625(612) 398(426) 397(455) 904(1162) ∞ ∞ 2e6 0/15

ABC 5.0(3) 22(52) 25(45) 26(46) 27(26) 35(59) 85(104) 8/15

SSEABC 4.6(5) 29(12) 203(152) 200(206) 195(260) 184(167) 163(316) 1/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f22 467 5580 23491 24163 24948 26847 1.3e5 12/15

PSO 5.0(10) 411(897) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 110(39) 1452(718) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 10(6) 47(71) 77(57) 578(559) ∞ ∞ ∞ 2e6 0/15

SSEABC 70(298) 77(105) ∞ ∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f23 3.0 1614 67457 3.7e5 4.9e5 8.1e5 8.4e5 15/15

PSO 2.4(2) 1554(1433) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA 1.8(0.7) 4570(2790) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC 1.2(0.9) 78(63) ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC 2.1(2) 31(24) 4.9(5)
⋆2

∞ ∞ ∞ ∞ 2e5 0/15

∆f
opt

1e1 1e0 1e-1 1e-2 1e-3 1e-5 1e-7 #succ

f24 1.3e6 7.5e6 5.2e7 5.2e7 5.2e7 5.2e7 5.2e7 3/15

PSO ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

GA ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

ABC ∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e6 0/15

SSEABC∞ ∞ ∞ ∞ ∞ ∞ ∞ 2e5 0/15

Table 3: Average runtime (aRT in number of function evaluations) divided by the respective best aRT measured during BBOB-
2009 in dimension 20. �e aRT and in braces, as dispersionmeasure, the half di�erence between 10 and 90%-tile of bootstrapped
run lengths appear for each algorithm and target, the corresponding reference aRT in the �rst row. �e di�erent target ∆f -
values are shown in the top row. #succ is the number of trials that reached the (�nal) target fopt + 10

−8. �e median number
of conducted function evaluations is additionally given in italics, if the target in the last column was never reached. En-
tries, succeeded by a star, are statistically signi�cantly 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 of 110. A ↓ indicates the same tested against the best algorithm from BBOB 2009. Best results are printed in bold.
Data produced with COCO v2.1
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