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ABSTRACT

Most surrogate-assisted algorithms for expensive optimiza-
tion follow the same framework: After an initial design phase
in which the true objective function is evaluated for a few
search points, an iterative process builds a surrogate model
of the expensive function and, based on the current model,
a so-called infill criterion suggests one or more points to be
evaluated on the true problem. The evaluations are used
to successively update and refine the model. Implementing
surrogate-assisted algorithms requires several design choices
to be made. It is practically relevant to understand their
impact on the algorithms’ performance. Here, we start to
look at the initial design phase and experimentally investi-
gate the performance of the freely available MATLAB Sur-
rogate Model Toolbox (MATSuMoTo) with regard to the
initial design. The results are preliminary in the sense that
not all possible choices are investigated, but we can make
first well-founded statements about whether Latin Hyper-
cube or uniform random sampling should be preferred and
about the effect of the size of the initial design on the per-
formance of MATSuMoTo on the 24 noiseless test functions
of the BBOB-2015 test suite.

Categories and Subject Descriptors

G.1.6 [Numerical Analysis]: Optimization—global opti-
mization, unconstrained optimization; F.2.1 [Analysis of
Algorithms and Problem Complexity]: Numerical Al-
gorithms and Problems
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1. INTRODUCTION

Expensive optimization problems in which the evaluation
of the objective function might take minutes or hours of
(parallelized) optimization time occur frequently in practi-
cal applications, e.g., in the case of simulation-based en-
gineering design or in biological and medical applications.
Algorithms, especially designed for this expensive optimiza-
tion scenario where only a few hundreds to thousands of
function evaluations are affordable, often follow a common
framework. In an initial design phase, a few representative
solutions are sampled in the search space and evaluated on
the true, expensive objective function. Then, an iterative
process builds a surrogate- or meta-model of the objective
function, suggests a batch of new solutions to be evaluated
on the expensive objective function based on the model and
a user-defined infill criterion, and uses the new evaluated so-
lutions to again update the model. The actual implementa-
tion of an algorithm for an expensive optimization problem,
requires a choice among several building blocks for each part
of this iterative process. Many surrogate models and several
infill criteria have been proposed in the literature [16].

Also for the initial design, several approaches have been
suggested. Most often, Latin Hypercube sampling (LHS,
[12]) is employed, but also uniform random or quasi-random
sampling methods such as Halton or Sobol sequences [6, 15]
can be applied. Over the last 15 years, many studies have
been conducted in order to find the optimal design for fitting
surrogate models. Koehler and Owen [11] have provided an
overview of theoretical results and visual examples. Com-
parative studies [12, 4] can only conclude that LHS is supe-
rior to random sampling in some cases.

With respect to size of the initial design, the recommen-
dation 10 - DIM was once established [10] with DIM being
the search space dimension. More recent studies have shown
that also much smaller initial designs can produce good re-
sults given that the modeled response has not too many local
optima or is not too irregular [2, 9].

To measure and visualize performance, several benchmark-
ing suites have been proposed of which the Black-box Op-
timization Benchmarking suite (BBOB) is one of the most
sophisticated ones [7]. The underlying Coco software al-
lows to automatically collect data during the optimization
runs and to produce comparison plots and result tables with
a single python script. Due to the simplicity of algorithm
benchmarking, we will employ the BBOB framework here.



With respect to the algorithm implementations, we rely
on the MATLAB Surrogate Model Toolbox (MATSuMoTo)
which has recently been provided for free to the research
community [13] and which allows to easily plug in and test
several initial designs, surrogate models, and infill criteria.
Note that the default version of the MATSuMoTo library
has been already benchmarked on the BBOB testbed [3]
without investigating the impact of its many parameters and
algorithm design choices.

Our Contribution.

In this paper, we provide a first preliminary experimental
investigation of the impact of the initial design on the perfor-
mance of MATSuMoTo on the BBOB testbed. In particular,
we try to answer the following research questions:

Q1: What is the effect of having larger initial designs, such
as two times or ten times the default value of 2-(DIM +
1) function evaluations?

Q2: What is the effect of replacing the LHS with simple
(uniform pseudo-)random sampling?

Both questions will be answered empirically by comparing

different MATSuMoTo variants on the 24 noiseless BBOB

functions of [5].

2. ALGORITHM PRESENTATION

As baseline algorithm, we use the MATSuMoTo library
in its default setting (January 2014 from https://ccse.lbl.
gov/people/julianem/). Note that during our experiments,
a small bug affecting the restarting mechanism of MAT-
SuMoTo has been fixed such that the source code differs
slightly from the original MATSuMoTo library.'. The de-
fault setting of the MATSuMoTo library—as already previ-
ously benchmarked on the BBOB testbed [3]—employs LHS
as initial design for 2 - (DIM + 1) function evaluations, a
cubic Radial Basis Functions surrogate model, and an in-
fill criterion which either chooses the next point either as a
(small) random perturbation around the model’s minimum
(exploitation) or, with a certain probability, uniformly at
random in the whole variable domain (exploration).

In order to investigate the impact of the initial design on
the library’s performance, we run four different versions of
the algorithm that only differ in the type and size of the
initial design as indicated in Table 1. The table also in-
troduces the abbreviations for the algorithms used in the
following. The default version, LHD-Default corresponds to
the algorithm benchmarked in [3] and employs an LHS of
size 2- (DIM + 1) for fitting the first surrogate model. The
algorithms LHD-2xDefault and LHD-10xDefault differ from
LHD-Default only in the size of the initial design which is
two times and ten times larger than the default, respec-
tively. Finally, RAND-2xDefault samples the initial points
in the bounded search space uniformly at random for the
same number of function evaluations as LHD-2xDefault. All
algorithm variants are run in total for 50-DIM function eval-
uations and otherwise use the default settings of the library.
The upper and lower bounds for the initial sampling within
MATSuMoTo are set to -5 and 5, respectively, according to
the definition of the BBOB test functions which guarantees
that the global optimum lies within this range.

1 The source code for reproducing our results can be found on
the Coco/BBOB web page under http://coco.gforge.inria.
fr/doku.php?id=bbob-2015-results.

length of

algorithm name initial design initial design phase

LHD-Default LHS default

LHD-2xDefault LHS 2x default
RAND-2xDefault random 2x default
LHD-10xDefault LHS 10x default

Table 1: Overview of the algorithms investigated.
LHS: Latin hypercube design, default length of ini-
tial design phase is 2- (DIM +1).

2-D 3-D 5-D 10-D 20-D
LHD-Default 0.0044 0.0040 0.16 0.59 1.9
LHD-2xDefault 0.0048 0.0013 0.20 0.54 1.8
RAND-2xDefault 0.0068 0.031 0.22 0.56 1.8
LHD-10xDefault  0.0021 0.013 0.14 041 14

Table 2: Running times per function evaluation on
function fs (in seconds).

3. CPU TIMING

In order to evaluate the CPU time, we have run all four
variants of MATSuMoTo on BBOB function fs with restarts
for at least 30 seconds and for at least 50-DIM function eval-
uations. The code was run on a Mac Intel(R) Core(TM) i7-
2635QM CPU @ 2GHz with 1 processor, 4 cores, and 8GB
of RAM. The time per function evaluation in seconds for
all algorithms and dimensions are given in Table 2. We ob-
serve that the runtime per function evaluation does not differ
much between the algorithm variants, only the large design
results in slightly shorter times. With increasing dimension,
however, the computation time per function evaluation in-
creases drastically. Nevertheless, with less than two seconds
in 20-D, the computation time of the algorithm itself is ne-
glectable in an expensive optimization scenario.

4. EXPERIMENTAL RESULTS

Results from experiments according to [7] on the bench-
mark functions given in [5, 8] are presented in Figures 1, 2
and 3 and in Tables 3 and 4. The expected running time
(ERT), used in the figures and tables, depends on a given
target value, fi = fopt + Af, and is computed as sum over all
evaluations executed in each run until fihas been obtained
divided by the number of trials that actually reached f; [7,
14]. Statistical significance is tested with the rank-sum
test for a given target Af; using, for each trial, either the
number of function evaluations to reach Af; (inverted and
multiplied by -1), or, if the target was not reached, the
best A f-value and the smallest number of overall function
evaluations for any unsuccessful trial under consideration.

Besides the mentioned LHD-Default, LHD-2xDefault, LHD-
10xDefault, and RAND-2xDefault, the pure random search
of [1] and SMAC [9], an improved version of the Efficient
Global Optimization (EGO) algorithm, have been used as
a baseline algorithms. In the following, we investigate the
figures and tables, provided by the BBOB framework, with
the two main research question introduced in Sec. 1 in mind.

4.1 Impact of the Size of the Initial Design

Comparing the algorithms, which only differ in the size of
the initial design (LHD-Default, LHD-2xDefault, and LHD-
10xDefault), we can state two main observations.



First, during the initial design phase, all three algorithms
follow, as expected, roughly the same trend in the empirical
cumulative distribution plots, which resembles the perfor-
mance of the pure random search. The actual improvements
start with the proposal of new search points according to the
model. Increasing the initial design by a factor of ten results
in a maximum performance loss at this time of about a fac-
tor of 3 in 5-D and of about a factor of 6 in 20-D.

Second, a smaller initial design seems to be beneficial—for
sure in an any-time scenario, but also for the final budget of
50-DIM function evaluations. In accordance with [2], the ex-
ception is the class of multi-modal problems (fi5—f19) where
LHD-10xDefault takes the lead in the empirical cumulative
distribution function plots of Fig. 2 and Fig. 3 from about
30-40-DIM function evaluations. The results are not signifi-
cant, however, and the effect is mainly caused by a reduced
variance in the expected running time for the more difficult
targets. For the smaller budget of function evaluations, the
trend of a small initial design being favorable is supported
by the performance of SMAC which tries to dispense with
the initial design [9]. It is outperforming all other compared
algorithms in the beginning of the optimization.

Considering question Q1 from above, we can conclude that
smaller initial designs seem beneficial on the BBOB testbed
and that, among the chosen settings, the default initial de-
sign size works best. We expect, however, that even smaller
initial designs might further improve the performance.

4.2 TImpact of the Type of Initial Design

Regarding question Q2 from above, we can state that
there is no significant difference between LHS and random
sampling when the initial design size of MATSuMoTo is set
to twice the default value. When looking at the Empirical
Cumulative Distribution Functions, aggregating over all 24
test functions, the graphs for LHD-2xDefault and RAND-
2xDefault are almost superimposed. Even if the interaction
with the initial design size cannot be evaluated based on the
reported experiments, initial experiments, not shown here,
showed the same effect for other sizes of the initial design.

5. CONCLUSIONS

Preliminary experiments on the impact of MATSuMoTo’s
initial design on its performance on the noiseless BBOB
testbed revealed that (i) a longer initial design phase seems
detrimental for the any-time performance and that (ii) re-
placing the default LHS with uniform (pseudo-)random sam-
pling does not change much for the algorithm’s performance.
The results are the first of this kind on the BBOB test
suite and preliminary in the sense that the MATSuMoTo
also offers symmetric LHS and an two-level factorial designs.
Based on our results, however, these options will have less
effect compared to the design size.
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Figure 1: 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 bestGECCO02009 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 f24. 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:LHD-Default, ¢:LHD-2xDefault,
~:RAND-2xDefault, v:LHD-10xDefault, 0:SMAC, ~:RANDOMSEARCH
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LHD-10xDefault 1.1(0.8)  1.2(2) 8.4(2) 65(114) o0 250 0/15 LHD-10xDefault 2.0(2) 1.2(2) 2.2(2) 3.2(0.5) oo 250 0/15
SMAC 1.0(1) 0.74(0.4) 1.7(2) 8.0(3 00 500 0/15 SMAC 1.2(1) 0.62(0.9) 0.76(0.6) 4.9(2) o0 500 0/15
RANDOMSEARCH [1.0(0.3)  1(0.8) 13(24) 3591(2077) oo 5e6 0/15 RANDOMSEARCH |[2.2(2) 1.2(0.8) ~ 1.6(0.9)  6945(7637) oo 5e6 0/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
3 T.6e+2:4.1 1.0c42:15 6.3¢£1:23 2.5e+1:73  1.0e+1:716 [15/15 15 T.6¢+2:3.0 1.06+2:13 G6.3¢f1:24 {.0e+1:565  1.6e+1:289 | 5/5
LHD-Default 1.8(2) 1.2(1) 1.8(2) 2.7(2) 1.1(0.8) | 4/15 LHD-Default 2.4(2) 1.3(0.4)  1.6(3) 1.7(2) 0.97(1) [t0/15
LHD-2xDefault 2.1(2) 1.5(1) 1.9(0.9) 2.1(1) 2.5(2) 2/15 LHD-2xDefault 2.1(2) 1.5(1) 1.5(0.3)  1.5(1) 1.0(1) 9/15
RAND-2xDefault  [2.3(2) 1.4(0.7)  1.6(0.7) 2.2(1) 0.58(0.5) | 7/15 RAND-2xDefault  [3.7(3) 1.6(0.8)  1.3(0.7)  1.4(0.8) 1.2(2) 8/15
LHD-10xDefault 2.1(2) 2.8(4) 3.7(3) 3.6(2) 1.0(0.6) | 5/15 LHD-10xDefault 4.4(6) 2.9(2) 3.8(0.5)  2.7(0.5) 1.3(0.9) | 9/15
SMAC 0.73(0.8) 0.74(0.5) 2.6(4) 4.4(2) 5.1(5) 2/15 SMAC 1.1(2) 0.83(0.3) 1.6(1) 2.2(2) 8.1(9 3/15
RANDOMSEARCH [1(0.4) 2.1(2) 17(16) 416(509)  6763(led)  [10/15 RANDOMSEARCH [3.4(7) 1.7(2) 10(8) 49(41) 1083(772) 15/15
#FEs/D I_ 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
2 2.5¢42:2.6 1.6e72:10 1.0¢72:19 7.0e+1:65  1.6e+1:434 [15/15 Ti6 J0c4+1:4.8 2.5¢+1:16 1.6¢+1:46 1.0¢41:120 4.0¢+0:334 [15/15
LHD-Default 2.6(2) 1.1(0.7)  2.9(3) 3.0(2) 9.0(17) 1/15 LHD-Default 1.4(2) 0.86(0.4) 1.2(1) 1.2(2) 3.9(1 3/15
LHD-2xDefault 2.2(1) 1.5(2) 3.0(3) 6.8(4) o0 250 0/15 LHD-2xDefault 2.5(3) 1.4(1) 1.6(2) 2.2(3) 11(19) 1/15
RAND-2xDefault  [2.8(3) 2.2(2) 3.1(2) 4.2(2) 8.4(9) 1/15 RAND-2xDefault [1.3(0.7)  1.2(1) 1.8(1) 1.7(1) 1.3(1) 7/15
LHD-10xDefault 3.9(4) 3.2(4) 5.1(3) 8.3(11) oo 250 0/15 LHD-10xDefault 1.4(1) 1.6(2) 1.9(2) 1.5(2) 1.4(1) 7/15
SMAC 0.56(0.7) 0.54(1.0) 1.8(3) 14(11) o0 501 0/15 SMAC 1.7(1) 0.77(0.4) 0.53(0.5) 0.42(0.2) 0.45(0.5) [15/15
RANDOMSEARCH [2.3(2) 1.8(2) 3.4(7) 148(115) 4682(4091) 13/15 RANDOMSEARCH [1.6(2) 1.5(2) 1.9(0.8) ~ 3.5(7) 19(28) 15/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
5 6.9¢+1:4.0 7.0¢+1:10 1.0¢-8:10  1.0¢-83:10 _ 1.0¢-8:10 [15/15 17 T.0¢+1:5.2 6.3¢40:26 £.0¢+0:57 2.5¢+0:110 6.3e-1:412 [15/15
LHD-Default 1.6(0.9)  1.2(0.6) 1.9(0.5) 1.9(0.6) 1.9(0.6) [15/15 LHD-Default 3.1(5) 1.2(1) 1.1(0.7)  1.9(1) 9.2(12) 1/15
LHD-2xDefault 1.9(1) 1.8(1) 3.5(0.5) 3.5(3) 3.5(2) 15/15 LHD-2xDefault 2.4(0.8)  1.4(2) 1.0(0.7)  1.1(1.0) 8.9(8) 1/15
RAND-2xDefault  [2.0(2) 2.0( 3.1(0.1) 3.1(0.2) 3.1(0.2) [15/15 RAND-2xDefault [2.3(2) 1.2(1) 1.4(1) 1.8(2) 4.3(5) 2/15
LHD-10xDefault 3.2(5) 4. 6(2) 13(0.2) 13(0.2) 13(0.1) 15/15 LHD-10xDefault  [2.1(1) 2.4(2) 1.8(1) 1.4(0.4) 4.4(6) 2/15
SMAC 1.3(0.2) 0. 63(0 2)* o 95(0. 1)*40 95(0. 1)*40 95(0 2)*hs5/15 SMAC 2.5(3) 1.6(2) 1.9(1.0)  2.1(3) 2.5(4) 6/15
RANDOMSEARCH [2.1(3) 3.8(6) 0715 RANDOMSEARCH [4.0(5) 3.3(4) 10(8) 32(45) 2314(1858) [15/15
#FEBs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 10 50 #succ
6 1.0e+5:3.0 2.6¢44:8.4 1.0e42:16  2.5e+1:54 2.5e-1:254[15/15 f18 6.3e+1:3.4 4.0e+1:7.2 2.5¢+1:20 1.6e+1:58 1.6e+0:318 [15/15
LHD-Default 1.3(2) 0.90(0.7)  1.7(1) 12(12) o 250 0715 LHD-Default 1.9(2) 1.4(1) 1.1(0.6)  0.85(0.8) oo 250 0/15
LHD-2xDefault 1.7(1) 1.3(1) 3.2(0.8) 4.9(4) 00 250 0/15 LHD-2xDefault 1.3(2) 1.6(2) 2.2(1) 1.3(1) 5.5(11) 2/15
RAND-2xDefault  [2.3(2) 1.8(2) 2.8(4) 9.0(9) o0 250 0/15 RAND-2xDefault  [1.4(0.7)  2.2(2) 1.7(0.8)  1.5(1) 12(14) 1/15
LHD-10xDefault 1.6(1) 2.2(4) 5.5(3) 3.6(5) oo 250 0715 LHD-10xDefault 2.6(2) 3.4(4) 3.3(3) 2.0(0.8)  12(8) 1/15
SMAC 1.4(1) 1.1(0.7) 1.5(1) 1.9(0.9) o0 500 0/15 SMAC 1.1(1) 0.85(0.4) 0.97(0.9) 1.1(2) 11(9 2/15
RANDOMSEARCH [3.3(11)  5.1(10)  475(133) 203(924) oo 5e6 0/15 RANDOMSEARCH [1(2) 3.3(4) 1.7(2) 6.3(8) 1.7e4(led) | 9/15
#FEs/D 0.5 1.2 3 10 50 #succ #FBs/D 0.5 1.2 3 1 50 #succ
g T6e70: A3 T.0¢726.2 2.5:71:20 7 0e70 54  T.0:70:324 [i5/15 19 1.6e-1:172 1.0e-1:242 6.3¢-2:675 4.0e-2:3078 2.5¢-2:4946|15/15
LHD-Default 1.3(1) 1.8(1) 1.5(1) 7.6(5) 5.4(6) 2/15 LHD-Default oo oo oo oo o0 250 0/15
LHD-2xDefault 1.4(0.5)  2.0(3) 1.8(0.7) 8.0(5) 11(15) 1/15 LHD-2xDefault il oo oo il o0 250 0/15
RAND-2xDefault  [1.3(2) 1.7(1) 2.5(2) 9.3(18) 11(11) 1/15 RAND-2xDefault  foo it oo s o0 250 0/15
LHD-10xDefault 1.5(2) 2.2(3) 5.2(1) 4.8(2) 5.5(6) 2/15 Tghf/IIE:’ClOXDCf‘d““ g oo oo g oo ?Zg gﬁg
SMAC 1.3(1.0) 1.1(2 1.5(1 1.6(1.0)* 0.88(0.3) [13/15 < hos hod hod hol?
RANDOMSEARCH 2A0§2) ) 2,9((4)) sAs((s)) 151(1518) 1207(105§2) ) 15?15 RAND:FI\ES?SRCH 4.2e5(5¢5) oo o et oo 5e6 #0/15
#FEs/D 0.5 1.2 3 10 50  #succ s _05 1.2 3 10 50 suce
8 T.0c+7:4.6 6.9c73:6.8 1.0c43:18  0.9c71:54 1.0c70:258[15/15 [ 1 o ff201 f Jet3:5.1 4. 4(’*‘?:8‘4 4'0‘3“:415 2"‘:‘31*2:69 1.0¢40:851 [15/15
LHD-Default 1.7(2) 1.9(1) 1.4(0.4) 2.6(4) oo 250 0/15 -Default 7(2) 1.4(1.0)  1.9(0.4) A(d) o0 250 0/15
LHD-2xDefault 2.4(2) 2.3(2) 1.5(0.5) 3.6(6) o 250 0715 LHD-2xDefault 2-8(2) 2.2(1) 2(1) 7.6(8) oo 250 0/15
RAND-2xDefault  [3.1(2) 2.3(2) 1.5(0.7) 3.1(3) oo 250 0715 RAND-2xDefault  12.0(2) 2.1(1) 2.6(1) 3.3(1) o0 250 0/15
LHD-10xDefault  [2.7(4) 2.8(3) 5.2(3) 12(18) oo 250 0715 LHD-10xDefault  J1.8(1) L.4(1) 6:3(2)  11(9) o0 250 0/15
SMAC 0.99(2) 0.91(0.7) 1.2(1.0) 3.3(2) o0 500 0/15 SMAC 0.57(0.2) 0.44(0.3) 0.73(0.3)"4.3(4) oo 500 0/15
RANDOMSEARCH [3.0(4) 3.1(3) 10(10) 482(443) oo 5e6 0/15 RANDOMSEARCH [1.6(1) 3.5(5) 24(24) 251(91) 9234(7768) | 8/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #suce
O 2.5¢+1:20  1.6e+1:26 1.0e+1:35 7.0e+0:62 1.6e-2:256[15/15 f21 4.0e+1:3.9 2.5e+1:11 1.6e+1:31 6.3e+0:73 1.6e+0:347 [ 5/5
LHD-Default 18(22) 34(27) 35(40) 64(84) oo 250 0/15 LHD-Default 1.3(0.6)  1.3(1) 0.73(0.5) 1.2(1) 1.5(2) 7/15
LHD-2xDefault 12(8) 12(15) 25(35) oo o0 250 0/15 LHD-2xDefault 1.7(1) 2.1(1) 1.3(0.7) 1.5(1) 1.7(1) 5/15
RAND-2xDefault 11(20) 11(14) 20(11) 60(38) o0 250 0/15 RAND-2xDefault |1.4(1) 1.1(0.8)  1.3(0.6)  1.4(0.8) 3.3(3) 3/15
LHD-10xDefault 185(211)  144(39 oo o o0 250 0/15 LHD-10xDefault 1.5(1) 1.7(2) 1.5(2) 2.2(1) 2.0(3) 5/15
SMAC 14(6 12(3 12(6 120(150) o0 500 0/15 SMAC 1.8(1) 1.8(2) 1.0(0.8)  1.0(0.8) 1.0(1) 11/15
RANDOMSEARCH [7845(5326) 2.3e4(4e4) 4.le4(3e4) 1.2¢6(2¢6) oo 5¢6 0/15 RANDOMSEARCH [1.4(2) 1(2) 1.3(2) 7.7(6) 15(17) 15/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
10 2.5¢46:2.9 6.3¢45:7.0 2.5¢456:17 6.3¢43:54 2.6e+1:297[15/15 22 6.9¢+1:3.6 7.0e+1:16 2.5¢+1:32 1.0e+1:71 1.6¢+0:341] 5/5
LHD-Default 1.5(2) 1.9(1) 1.4(0.9) 6.4(11) o0 250 0/15 LHD-Default 1.6(1) 1.1(0.8)  1.1(0.4) 1.1(0.7) 2.3(3) 5/15
LHD-2xDefault 1.9(2) 1.4(1) 1.6(2) 12(25) o0 250 0/15 LHD-2xDefault 3.3(4) 1.8(2) 1.3(0.6)  1.4(1) 1.8(2) 5/15
RAND-2xDefault  [2.3(2) 2.1(2) 1.5(1) 3.5(2) o0 250 0/15 RAND-2xDefault  [1.8(2) 1.5(1) 0.98(0.6) 0.79(0.4)  2.4(2) 4/15
LHD-10xDefault 1.5(3) 1.7(2) 1.4(1) 12(7) o0 250 0/15 LHD-10xDefault 2.2(2) 2.0(2) 2.3(2) 1.9(0.5) 2.5(2) 4/15
SMAC 1.3(0.7) 0.80(0.5) 0.58(0.5) 2.5(2 o0 500 0/15 SMAC 1.8(2) 1.5(0.8) 1.0(0.9)  0.90(0.8)  1.0(1) 11/15
RANDOMSEARCH |1.6(2) 1.5(2) 1.6(0.9)  102(169) 2.5e5(2e5] 1/15 RANDOMSEARCH [2.4(0.8)  3.0(3) 2.7(1) 7.6(11) 43(57) 15/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 F#succ
11 1.0¢+6:3.0 6.3¢+4:6.2 6.3¢+2:16 6.3e+1:74 6.3e-1:298 [15/15 f23 1.0e+1:3.0 6.3¢40:9.0 4.0e40:33 2.5¢40:84  1.0e+0:518 [15/15
LHD-Default 1.4(2) 2.5(3) 4.7(3) 8.9(15) o0 250 0/15 LHD-Default 1.8(2) 1.7(1) 2.4(3) 3.9(3) 250 0/15
LHD-2xDefault 1.5(1) 3.0(3) 4.1(3) 3.5(4) o0 250 0/15 LHD-2xDefault 3.1(3) 3.8(5) 3.8(5) 10(26) o0 250 0/15
RAND-2xDefault [1.6(0.4) 3.6(3) 5.8(3) 8.7(11) o0 250 0/15 RAND-2xDefault  [2.5(3) 2.7(3) 2.1(2) 4.6(11) 7.1(5) 1/15
LHD-10xDefault 1.7(2) 3.1(2) 6.1(6) 5.2(5) o0 250 0/15 LHD-10xDefault 3.9(6) 3.4(2) 3.3(3) 4.3(3) 6.8(10) 1/15
SMAC 0.73(0.3) 0.94(0.9) 1.9(2) 0.94(1) o0 500 0/15 SMAC 1.6(1) 2.9(2) 2.6(4) 3.3(4) o 500 0/15
RANDOMSEARCH [1.8(0.3) 2.5(2) 6.8(9) 17(13) 1.2e5(1e5) 2/15 RANDOMSEARCH [2.3(1) 2.5(3) 1.6(2) 5.1(6) 49(45) 15/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 ##succ
fi2 7.0¢+7:3.6 1.6¢+7:7.6 4.0¢+6:19 1.6e+4:52 1.0e+0:268[15/15 f24 6.3e+1:15 4.0e+1:37 4.0e+1:37 2.5e+1:118 1.6e+1:692 [15/15
LHD-Default 1.2(0.9)  1.4(0.7) 1.7(0.7) 3.2(1) o0 250 0/15 LHD-Default 1.9(0.7)  3.1(6) 3.1(5) 10(13) 5.3(8) 1/15
LHD-2xDefault 1.5(0.8) 1.9(1) 1.4(0.9) 3.0(1) oo 250 0/15 LHD-2xDefault 1.9(2) 3.4(4) 3.4(2) oo oo 250 0/15
RAND-2xDefault [1.4(2) 2.0(2) 1.5(0.3) 2.9(1) o0 250 0/15 RAND-2xDefault |1.7(3) 7.3(17) 7.3(13) 15(12) oo 250 0/15
LHD-10xDefault 1.1(0.6)  2.8(3) 4.5(2) 8.2(3) oo 250 0/15 LHD-10xDefault 2.7(3) 6.5(3) 6.5(7) 4.8(7) o0 250 0/15
SMAC 0.57(0.8) 1.3(0.5) 3.6(8) 34(21) o0 500 0/15 SMAC 0.51(0.7) 2.6(5) 2.6(4) 7.4(12) o0 500 0/15
RANDOMSEARCH [2.2(2) 4.0(4) 16(18) 3.1e5(4e5) oo 5eb 0/15 RANDOMSEARCH |[3.6(4) 19(23) 19(10) 119(138)  418(416) 15/15

Table 3: 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 Af-value in ¢talics) 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.



#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
1 6.3cF1:24  .0c+1:42 1.0c-8:43 1.0¢-8:43 1.0¢-3:43 [15/15 i3 T.6c43:28 1.0643:64 6.3¢72:79 7.0e+1:211 2.5e+0:1724]15/15
LHD-Default 2.5(0.5) 2.0(0.2) oo oo o0 1000 0/15 LHD-Default 2.6(0.6) 1.8(0.3) 2.6(1) 8.0(4) 00 1000 0/15
LHD-2xDefault .3.9(0.2) 2.5(0.3) oo oo oo 1000 0/15 LHD-2xDefault 3.3(1) 2.2(0.2)  2.8(1) 9.4(13) oo 1000 0/15
RAND-2xDefault 4.0(0.6) 2.8(0.2) oo oo 00 1000 0/15 RAND-2xDefault 3.5(0.4)  2.2(0.5)  2.9(1) 7.1(4) 00 1000 0/15
LHD-10xDefault 17(0.1) 10(0.1) oo oo 00 1000 0/15 LHD-10xDefault 15(0.2) 6.9(0.2) 6.3(0.3)  8.5(9) 00 1000 0/15
SMAC 0.80(0.3)*4 0.67(0.2) %0 oo o0 2000 0/15 SMAC 0.81(0.3)*90.66(0.1)*D.84(0. 1)*41 4(0.3)*%* oo 2000 0/15
RANDOMSEARCH [892(1135)  3.7c4(4ed) oo oo oo 27 0/15 RANDOMSEARCH [358(81) 1.5e5(2e5) oo oo 2e7 0/15
#FEs/D 0.5 1.2 3 10 50  #succ #FEs/D 0.5 1.2 10 #succ
2 7.0676:20 2.5¢46:42 1.0¢45:65 1.0¢+4:207 1.0¢-8:412[15/15 14 25¢41:16  1.6e+1:42 1 Oc+1:7a T.6¢70:219 6.9¢- 4 TI06[15/15
LHD-Default 0.79(0.8) 1.3(1.0) 9.3(6) 71(113) 00 1000 0/15 LHD-Default 5.7(2) 3.1(1) 2.9(1)  9.5(9 00 1000 0/15
LHD-2xDefault 1.1(0.1) " 1.9(0.8) 8.5(4) 72(34) 00 1000 0/15 LHD-2xDefault 8.1(2) 3.7(1) 3.1(1)  3.8(3) 00 1000 0/15
RAND-2xDefault  [1.3(2) 1.6(1) 7.8(4) 70(63) 00 1000 0/15 RAND-2xDefault 8.8(2 4.1(1) 3.3(1)  7.3(5) 00 1000 0/15
LHD-10xDefault 1.6(2) 4.1(2) 30(31) 00 1000 0/15 LHD-10xDefault 25(7) 11(0.5) 6.9(1)  7.7(12) 00 1000 0/15
SMAC 0.54(0.5) 0.70(0.5) 23(26) 143(252) o0 2000 0/15 sMAC 2.0(0.8)*2 3.3(4)  19(26) oo o0 2000 0/15
RANDOMSEARCH [2.8(4) 4.4(6) 1.0e6(9e5 oo 2e7 0/15 RANDOMSEARCH [155(127)  1839(1525) 4.5¢4(5ed) oo oo 2¢7 0/15
#FBs/D 0.5 1.2 3 10 50 #£succ #FEs/D 0.5 1.2 3 10 50 #succ
3 6.3¢+2:33 4.0c12:44 1.6e+2:109 1.0¢2:255 2.5e+1:3277]15/15 5 G 3e72 15 7 0:7207 Z5c72393 1.0:72:846 T0:72.1671[15/15
LHD-Default 1.9(0.8) 2.5(1) 8.0(12)  10(11) oo 1000 0/15  LHD-Default 3.5(1 1.7(0.7) 1.1(0.5)  2.0(3) 8.8(12) 1/15
LHD-2xDefault 2.5(0.8) 3.0(0.3)  8.6(5) 18(15) o0 1000 0/15 [ HD-2xDefault 5.5(2) 2.0(0.3) 1.1(1) 1.5(2) 8.7(12) 1/15
RAND-2xDefault  |2.7(0.2) 2.8(0.4)  5.7(5) 10(11) o0 1000 0/15 RAND-2xDefault 5.1(3) 1.9(0.5) 1.1(0.4)  1.6(2) 8.8(8) 1/15
LHD-10xDefault 9.1(5) o 10(0.3) 8.7(6) 9.0(8) 01000 0/15  LHD-10xDefault 16(9) 6.4(0.1) 1.9(0.6) 1.1(0.8) 1.2(1) 7/15
SMAC 0.49(0.4)75 2.1(4)  124(143)  114(100) o0 2000 0/15 gMAC 1.1(2)*2 2.9(0.2) 2.8(4) oo o0 2000 0/15
RANDOMSEARCH [9.1(6)  1397(1258) oo oo 0o 2e7 0/15 RANDOMSEARCH [35(61) 1316(1150) 1.6e5(4e5) oo oo 2e7 0/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 5 1.2 3 10 50 #succ
23 6.3¢+2:22  .0¢+2:91 2.5¢72:250 1.6¢6+2:332 6.3¢+1:1927]15/15 16 7 0e+1:26 Z.5e+1:127 1. 5e+1 540 1.6e+1:540 1.0¢+1:1384]15/15
LHD-Default 7.6(2) 5.1(4) 10(12) oo 00 1000 0/15 LHD-Default 3.4(2) .9( 3(3) 3.3(2) 11(7) 1/15
LHD-2xDefault 9.1(3) 6.8(8)  58(67) oo 00 1000 0/15 LHD-2xDefault 3.2(2) 3.6(3) 2 6(2) 2.6(2 5.1(6) 2/15
RAND-2xDefault 10(8) 8.4(9) 13(12) oo 00 1000 0/15 RAND-2xDefault  [3.8(2) 6.4(6) 5.0(4) 5.0(7) 11(16) 1/15
LHD-10xDefault 22(8) 18(7) oo oo 00 1000 0/15 LHD-10xDefault 6.5(4) 5.4(5) 4.8(5) 4.8(8) 3.4(5 3/15
SMAC 6.9(8 102(159) oo oo 00 2000 0/15 SMAC 2.4(3) 1.5(0.7) 0.78(0.6) 0.78(0.3) 0.76(0.8) [14/15
RANDOMSEARCH [254(327)  3.2e4(5¢4) oo oo oo 2¢7 0/15 RANDOMSEARCH [3.9(5) 33(40) 830(1010) 830(312) 6.5¢4(3e4) | 3/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 10 #succ
153 2.5e42:10 1. 6e+2 T.0c-8:41  1.0e-8:41  1.0e-8:41 [15/15 Ti7 T6e41:11 1.0¢41:63 6. 39+0 305 4.0¢70:468 1.0¢+0:1030[15/15
LHD-Default 1.8(0.9) 3(0. 1 2.4(1) 2.4(0.1)  2.4(0.3) [15/15 LHD-Default 3.3(3) 2.2(2) 1.3(0.7) 32(40) 00 1000 0/15
LHD-2xDefault 3.7(0.0) 2.5(0.1)  3.0(0.2) 3.0(0.1)  3.0(0.2) [15/15 LHD-2xDefault 3.3(4) 2.6(0.9) 1.4(1) = 10(9) 00 1000 0/15
RAND-2xDefault  [3.4(2) 2.6(0.1 3.4(2) 3.4(3) 3.4(0.2) [15/15 RAND-2xDefault 5.0(4) 2.7(2) 2.1(3)  31(21) 00 1000 0/15
LHD-10xDefault 8.1(7) 12(0.0) 11(0.1) 11(0.1) 11(0.3) 15/15 LHD-10xDefault 12(6) 7.3(2) 2.2(1.0) 5.7(5) 00 1000 0/15
SMAC 0.46(0.1)}, 0.33(0.1)*%.66(0.2)*%.66(0.2)*%.66(0.3)"[t5/15 SMAC 0.52(0.5)*20.92(1.0) 15(36)  61(103) oo 2000 0/15
RANDOMSEARCH [8.0(12) '1833(2538) oo oo 00 267 0/15 RANDOMSEARCH [16(32) 120(73) 4216(4815) oo oo 2e7 0/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
6 57516 G Ier A3 T 6cF[62 T6e72 355 T, 6e+1 TO7S[5/15 Ti8 70e+1:116 2.5¢41:252 1.66+1:430 1.0¢+1:621 7.0¢+0:1000[15/15
LHD-Default 2.4(0.4)  1.4(0.5) 1.4(0.4) 9.5(14) 0715 LHD-Default 1.0(0.9) 2.4(2) 8.3(5) oo 00 1000 0/15
LHD-2xDefault 4.6(3) 2.3(0.4) 1.9(0.4) 6.8(8) oo 1000 0/15 LHD-2xDefault 1.00(0.3) 1.6(2) ~ 11(27) oo 0 1000 0/15
RAND-2xDefault 4.8(1 2.3(0.6) 1.8(0.5) 5.7(8) o0 1000 0/15 RAND-2xDefault 0.99(0.3) 1.6(0.8) 16(15) oo o0 1000 0/15
LHD-10xDefault 17(12) 10(0.1) 7.1(0.3)  4.3(3) o0 1000 0/15 LHD-10xDefault 3.5(0.5) 2.7(1) 5.2(4) oo 0 1000 0/15
SMAC 1.6(1 1.2(0.9) 1.6(0.8) 2.8(3) 00 2000 0/15 SMAC o.:31(0.2)f22 8.3(9)  20(21) 22(50) 00 2000 0/15
RANDOMSEARCH [263(299) 3.2e4(9e4) 1.7e5(2e5) oo oo 2e7 0/15 RANDOMSEARCH [23(13) 1095(1123) oo oo oo 27 0/15
#FBEs/D 0.5 1.2 3 10 50 Fsucc #FEs/D 0.5 1.2 3 10 50 #succ
7 1.0e+3:11 4.0e+2:39  2.5e+2:74  6.3e+1:319 1.0e+1:1351f15/15 T19 T.6e-1:2.565 1.0e-1:3.4¢5 6 3e-2:3.405 /.0e-2:3.465 2.5¢-2:3.4¢5[3/15
LHD-Default 1.2(0.6)  2.2(3) 2.0(2) 5.6(6) 00 1000 0/15 LHD-Default P oo o oo 1000 0715
LHD-2xDefault 1.5(2) 2.6(0.4) 1.9(0.5) 8.1(6) 00 1000 0/15 LHD-2xDefault - oo -~ o oo 1000 0715
RAND-2xDefault  [2.2(1) 2.8(1) 2.1(0.5)  6.4(5) 00 1000 0/15 RAND.-2xDofault |oo o o - oo 1000 0715
LHD-10xDefault 2.4(2) 10(2) 5.7(1) 8.1(6) o0 1000 0/15  LHD-10xDefault oo oo oo oo 00 1000 0/15
SMAC 0.58(0.7) 0.61(0.5)*3 0.49(0.4)*6.39(0.3)*%0.57(0.3)*415/15 SMAC oo oo oo oo oo 2000 0/15
RANDOMSEARCH [3.2(7) 76(53) 1020(1458)  9.2e5(1e6) oo 2e7 0/15 RANDOMSEARCH |oo oo oo oo 0o 2e7 0/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
8 707719 2.5¢74:35 4.0¢13:67 2.5¢72:231 1.6e71:1470[15/15 20 T.6e74:38  1.0e7/4:42 2.5¢/2:62 2.5¢40:250 1.6¢70:25306[15/15
LHD-Default 4.5(1) 2.9(0.8) 3.3(2) 4.0(3) 00 1000 0/15 LHD-Default 2.2(0.7) 2.4(1)  4.6(3) 4.1(6) 00 1000 0/15
LHD-2xDefault 5.5(0.7) 3.2(0.6) 3.1(0.8) 2.8(0.4) oo 1000 0/15 LHD-2xDefault 3.3(0.8) 3 3(0.6) 4.4(1)  2.8(1) 5.7(5) 1/15
RAND-2xDefault 5.4(0.5 3.2(0.8) 2.8(0.6) 2.5(0.5) oo 1000 0/15 RAND-2xDefault 3.1(0.7) 1(0.7) 4.8(2)  4.9(6) 00 1000 0/15
LHD-10xDefault 23(0.2) 12(0.1) _ 6.7(0.1) 3.8(3) 00 1000 0/15 LHD-10xDefault 11(0.5) 10(0 7) " 8.7(0.6) 7.9(6) 00 1000 0/15
SMAC 1.4(2)*3 1.5(1)*2 2.5(0.8) 4.1(2) oo 2000 0/15 SMAC 0.25(0.1)*% 0.46(0. 2)1@‘90(0.2)*& o0 2000 0/15
RANDOMSEARCH [809(670)  4532(4639)  4.2¢6(7c6)oo oo 2e7 0/15 RANDOMSEARCH [216(190) 1380(524) oo oo 0o 267 0/15
#FEs/D 0.5 1.2 3 0 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
) T.0c72:357 6.3¢71:560 4.0c71:684 206’+1 756 1.0e41:1716[15/15 =T 637136 J0e 177 70c7 1777 T.6cF1:456 7.0¢70:T00A[5/15
LHD-Default 7.9(4) o oo o 1000 0/15  LHD-Default 2.7(0.8) 1.9(0.4) 1.9(0.4) 0.56(0.2) 0.97(0.4) 9/15
LHD-2xDefault 5.3(3) 13(10) 22(28) oo °o 1000 0/15 [ HD-2xDefault 3.6(0.5)  2.6(2) 2.6(1) 0.88(0.4) 1.2(1.0) 9/15
RAND-2xDefault  |5.3(4) 13(12) 22(32) oo oo 1000 0/15 R AND-2xDefault 3.4(0.8) 1.9(0.3) 1.9(0.2) 0.46(0.1) 0.57(0.8) |[12/15
LHD-10xDefault 8.0(6) 27(26) oo oo oo 1000 0/15  LHD-10xDefault 13(0.6) 6.6(0.7) 6.6(0.4) 2.0(2) 2.4(5) 5/15
SMAC 5.0(1) 26(29) e oo °o 2000 0/15 SMAC 7.5(3) 4.2(20) 4.2(8) 2.7(3) 5.2(9) 4/15
RANDOMSEARCH |eo o oo oo oo 2¢7 0/15 RANDOMSEARCH [943(222) 2.0e4(3e4) 2.0e4(led) oo 2e7 0/15
#FEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
10 T.6e76:15 1.0¢76:27 4.0¢75:70 6.3¢14:231 {.0¢+3:1015[15/15 55 G3erTA5  J0:71:68 107108 16071331 6.3:70-1210]15/15
LHD-Default 4.4(3) 3.1(1) 3.4(4) 9.1(10) o0 1000 0/15  LHD-Default 2.2(0.5) 2.1(0.4) 2.1(2) 1.5(2) 0.58(0.3) [11/15
LHD-2xDefault 6.7(4) 4.8(4) 3.3(2) 5.8(8) °o 1000 0/15 L, HD-2xDefault 3.4(0.7)  3.3(3) 3.3(3) 2.0(2) 1.2(1) 8/15
RAND-2xDefault 6.4(3 4.6(1) 3.6(2) 6.9(7) o0 1000 0/15 RAND-2xDefault 3.3(0.3) 3.2(2) 3.2(4) 1.9(3 1.1(1) 8/15
LHD-10xDefault 15(14) 12(7) 7.5(1) 21(21) °0 1000 0/15 L HD-10xDefault 10(5) 7.8(2) 7.8(3) 5.4(4) 2.1(3) 5/15
SMAC 3.7(2) 5.5(4 6.2(6) 18(13) o0 2000 0/15 SMAC o(2 7. 3(3) 7.3(2) 4.2(7 2.0(4) 7/15
RANDOMSEARCH |[28(29) 77(171) 894(1278) oo oo 2e7 0/15 RANDOMSEARCH [1986(1078)  9.2e4(1e5) 9.2e4(1e5) 1.3¢6(266) oo 2e7 0/15
#FBEs/D 0.5 1.2 3 10 50 #succ #FEs/D 0.5 1.2 3 10 50 #succ
il J0e+4:11 2.5¢43:27 1.6e42:313 1.0¢+2:481 1.0¢+1:1002]15/15 23 537029 7 0c70.118 25:70306 Z. d,,+0 306 T 0,,+0 T6TaI5/15
LHD-Default 1.7(2) 2.5(2) 21(16) oo 00 1000 0/15 HD-Default 2.0(1) To(11 - 0/15
LHD-2xDefault 1.9(2) 2.6(3) 22(14) oo oo 1000 0/15 [ HD-2xDefault 1.6(2) 5.6(4) 23(30) 23(40) oo 1000 0/15
RAND-2xDefault  [3.0(4) 2.5(2) oo oo oo 1000 0/15 RAND-2xDefault [2.1(3) 6.2(3) oo o0 1000 0/15
LHD-10xDefault 2.6(2) 4.0(6 22(25) o °0 1000 0/15  LHD-10xDefault 2.3(4) 8.2(9) 48(91) 48(78) o0 1000 0/15
SMAC 0.59(0.4) 0.68(0.5) 2.5(2)* 7.3(8 00 2000 0/15 SMAC 1.6(2) 5.0(2) 46(112) 46(58) 00 2000 0/15
RANDOMSEARCH [2.0(2) 3.2(2) 34(32) 929(827) oo 2¢7 0/15 RANDOMSEARCH [2.3(2) 7.0(7) 92(67) 92(95) 5.5e4(7ed)| 3/15
#FEs/D 0.5 1.2 3 10 50 #suce #FEs/D 0.5 1.2 3 10 #succ
12 T.0c78:23  6.3¢77:39  2.5¢77:76 7.0¢76:200 1.0e71:104215/15 24 2.5¢72:208 1. 6e+2 918 1.0¢72:6628 6.3¢+1:9885 7.0¢71:31629]15/15
LHD-Default 3.1(1) 2.9(0.9) 3.0(1) 3.6(0.6) o0 1000 0/15 LHD-Default 15(11) oo oo 00 1000 0/15
LHD-2xDefault 4.6(2) 4.1(0.9) 3.8(0.8) 3.2(2) o0 1000 0/15 LHD-2xDefault 7.5(18) 7,8(15) oo oo 00 1000 0/15
RAND-2xDefault 5.0(1) 4.0(1) ~ 3.7(2) 3.8(2) 00 1000 0/15 RAND-2xDefault 9.3(10 oo oo oo 00 1000 0/15
ISJHIZ—éoxDefault 17(04(8) 1250-8)) 8.9(4)  17(17) o0 1000 0;15 LHD-10xDefault 3.0(0.2) 1.6(1)  0.74(0.6) oo o0 1000 0/15
M 2-8(3 38(51 oo o0 2000 0/15 smac 0.65(0.8)*P0(9 oo oo o0 2000 0/15
RANDOMSEARCH [294(301)  2589(4144) 8.3e5(6e5)00 oo 2e7 0/15 R ANDOMSEARCH 1_7C5E4c5)) m( ) b poi o 2e7 0515

Table 4: 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.



