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a b s t r a c t
The development of algorithms for tackling continuous optimization problems has been one of the most
active research topics in soft computing in the last decades. It led to many high performing algorithms
from areas such as evolutionary computation or swarm intelligence. These developments have been sidelined by an increasing effort of benchmarking algorithms using various benchmarking sets proposed by
different researchers.
In this article, we explore the interaction between benchmark sets, algorithm tuning, and algorithm performance. To do so, we compare the performance of seven proven high-performing continuous optimizers
on two different benchmark sets: the functions of the special session on real-parameter optimization from
the IEEE 2005 Congress on Evolutionary Computation and the functions used for a recent special issue of
the Soft Computing journal on large-scale optimization. While one conclusion of our experiments is that
automatic algorithm tuning improves the performance of the tested continuous optimizers, our main
conclusion is that the choice of the benchmark set has a much larger impact on the ranking of the compared optimizers. This latter conclusion is true whether one uses default or tuned parameter settings.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
Continuous optimization problems arise in many important
design and control problems in areas such as engineering, telecommunications, or computer science. In many cases, the resulting
problems have to be treated as black-box problems, where no
explicit mathematical formulation of the problem is available and,
therefore, derivatives may not be computed [9]. Often, such problems have multiple optima, correlated variables and non-linear
objective functions, making their solution very hard. Thus, as an
alternative to classical continuous optimization techniques, directsearch (or also called derivative-free) methods have emerged [9].
An important source of direct-search methods is the area of soft
computing. Many techniques such as evolutionary computation
[4], memetic algorithms [44], ant colony optimization [12], particle swarm optimization [27], differential evolution [52] or artiﬁcial
bee colonies [25] have been at the core of recent advancements
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when developing optimization techniques. All these techniques
have been applied to tackle (black-box) continuous optimization
problems. Such algorithms have been developed starting more than
four decades ago and thousands of articles have been published
providing new algorithmic ideas or algorithm designs and analyses
of such algorithms.
This proliferation of algorithmic techniques and variants
thereof, has made it difﬁcult to identify which algorithms
contribute to deﬁne the state-of-the-art. To address some
shortcomings in the evaluation of (nature-inspired) continuous
optimizers, several benchmarking efforts have been undertaken.
Early benchmarking efforts such as the ﬁrst international contest
on evolutionary optimization [5] in 1996 had some but little impact.
Later efforts, however, have been followed much more strongly,
possibly because the number of available algorithms has grown
very much. A noteworthy example is the special session on real
parameter optimization of the 2005 IEEE Congress on Evolutionary Computation (CEC’05) [53]. It proposed a set of 25 benchmark
problems and identiﬁed the covariance matrix adaptation evolution strategy (CMA-ES) [16] with occasional restarts with increasing
population size (IPOP-CMA-ES) [1] as the best performing algorithm on this CEC’05 benchmark set. The impact this special session
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had and still has is illustrated by the more than 750 citations
the technical report deﬁning the benchmark functions received in
google scholar by December 2013. Other efforts include a special
session on large scale global optimization held at the IEEE CEC’08
conference. The benchmark set of this special session was later
extended in various successor competitions. In particular, the special issue on large scale continuous optimization problems of the
Soft Computing journal [40] extended this benchmark set to comprise a total of 19 freely scalable benchmark functions; we refer
to this benchmark set in the following as the SOCO benchmark
set. In this special issue, a memetic algorithm that combines a
local search algorithm with a differential evolution algorithm in the
multiple offspring (MOS) framework [30] was the best-performing
algorithm; we refer to this algorithm as MOS in what follows.
If one takes a closer look into the results on these two benchmark
sets, an interesting difference arises. In fact, on the SOCO benchmark set, IPOP-CMA-ES, the winner of the CEC’05 benchmarking
competition, was used as an algorithm to set a performance baseline and the ﬁnal winner, MOS, performed signiﬁcantly better than
IPOP-CMA-ES. This result reminds of an observation made by Whitley et al. [56], p. 245:
“Test functions are commonly used to evaluate the effectiveness of
different search algorithms. However, the results of evaluation are
as dependent on the test problems as they are on the algorithms
that are the subject of comparison.”
Paraphrasing this statement in terms of the current benchmark
sets, it would say that the choice of the benchmark set has a strong
impact on the ﬁnal ranking of the algorithms tested. Unfortunately,
MOS was not tested on the CEC’05 benchmark set and it is therefore
unclear whether it would perform better than IPOP-CMA-ES also on
the CEC’05 benchmark set.
One goal of this article is to examine the impact the choice
of the benchmark set has on the relative performance of current
high performance continuous optimizers. We do so by choosing a
number of algorithms that are derived from different search techniques and that have shown very good performance on at least
one of the CEC’05 and SOCO benchmark sets. In particular, we
include the already mentioned IPOP-CMA-ES [1] and MOS [30]
algorithms as winners of the two benchmark competitions. In addition, we selected the following algorithms. MA-LSCh-CMA [42] is
a memetic algorithm for continuous optimization based on local
search chains; it was reported very high performance on the CEC’05
benchmark set. SaDE [48] is a self-adaptive differential evolution
algorithm, which received the 2012 IEEE Transactions on Evolutionary Computation Outstanding Paper Award; IPSOLS [43] and IABCLS
[3] are particle swarm optimization and artiﬁcial bee colony algorithms, which obtained the best performance in their respective
ﬁelds on the SOCO benchmark set; UACOR [37] is a conﬁgurable
framework of ant colony optimization for continuous domains
that shows improved performance when compared to IACOR [33],
which was the so far best performing ant colony optimization
algorithm for continuous optimization on the above mentioned
benchmark sets. Although some researchers have compared continuous optimizers from different metaheuristics [2,18,14,49], the
aforementioned start-of-the-art continuous optimizers have not
been evaluated together in the literature.
A second goal of this article is to examine the impact speciﬁc
choices on the parameter settings have on the evaluation of continuous optimizers. Typically, parameter settings are deﬁned by the
algorithm designers based on preliminary experiments and considering a speciﬁc set of test problems. This may lead to implicit
biases in the parameter tuning toward speciﬁc test functions or
benchmark sets and an uneven effort in parameter tuning. Biases
in algorithm tuning and uneven tuning effort are two problematic issues when comparing algorithms as one algorithm may seem
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superior to another one only because its parameters are more ﬁnetuned for a speciﬁc benchmark set. As an alternative, one may
rely on automatically tuned parameter settings through the usage
of automatic algorithm conﬁguration techniques [7,23,24,39,46].
In fact, experience with these techniques has shown that often
they are able to ﬁnd improved parameter settings over manually
tuned default settings and to make parameter tuning more efﬁcient
[7,23,22,24]. Therefore, here we compare the continuous optimizers using their default settings and based on parameters that are
tuned by using an automatic algorithm conﬁguration tool, irace
[7,39], to give an unbiased comparison.
In a nutshell, the experimental results that we obtain indicate
that (i) all algorithms may proﬁt from the automatic algorithm
conﬁguration, (ii) the benchmark sets have a major impact on the
ranking of the algorithms, and (iii) some algorithms exhibit poor
scaling behavior with increasing dimension. We believe that these
results also show that future benchmarking efforts need to consider
larger and more systematically varied sets of benchmark problems and, in particular, the evaluation of the continuous optimizers
on more benchmark problems stemming from real applications is
desirable to steer future research efforts.
The article is organized as follows. Section 2 describes the
seven continuous optimizers we test. Section 3 gives more background on automatic algorithm conﬁguration and tuning. Next,
Section 4 describes the benchmark sets and Section 5 the experimental setups. In Sections 6–8, we evaluate the optimizers using
default and tuned parameters on the CEC’05 and SOCO benchmark
sets. We end the article with a discussion of the obtained results
and conclude in Section 9.
2. The tested continuous optimizers
In this section, we concisely introduce the seven continuous
optimizers that we compare and justify their choice. Since these
optimizers are well described in the literature, we refer to the original articles for their detailed description to keep the present article
short.1
2.1. IPOP-CMA-ES
CMA-ES [16] is a (, )-evolution strategy that samples at each
iteration new solutions based on a multivariate normal distribution. It adapts the covariance matrix of a normal search distribution
during the execution to lead the sampling to the most promising
part of the search space. Its design makes the algorithm invariant
to the scaling of the evaluation function and to rotations of the variable’s correlation. CMA-ES may be seen as a stochastic local search
technique; IPOP-CMA-ES [1] provides an iterative restart scheme
once CMA-ES is deemed to stagnate and at each restart increases
the population size. It obtained the best performance among all the
candidates in the special session on real parameter optimization of
CEC’05 [53] and is since then seen as a state-of-the-art continuous
optimizer.
Following [36], we consider seven parameters (a, b, c, d, e,
f, g) for tuning. These parameter control some of the formulas
that determine IPOP-CMA-ES’s search behavior. In particular, these
parameters are used in the following equations. The initial population size is  = 4+  a ln(D) , where D is the number of dimensions
of the function to be optimized. The number of parent solutions
is  = /b . The initial step-size is  (0) = c(B − A), where [A, B]D is
the initial search interval. The population size is multiplied by a

1
The list of the parameters, their default and tuned values and their domains
considered for tuning are given in Tables 2 and 3.
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factor ipop = d at each restart. Restarts occur if the stopping criterion is met, which uses the parameters stopTolFunHist = 10e (lower
threshold on range of the improvement in the last generations),
stopTolFun = 10f (lower threshold on all objective function values of
the recent generation) and stopTolX = 10g (lower threshold on the
standard deviation of the normal distribution).
2.2. MA-LSCh-CMA
Memetic algorithms (MAs) [44,28] often combine evolutionary
algorithms with local search procedures to improve individuals. MA-LSCh-CMA [42] is a memetic algorithm for continuous
optimization that combines (i) a real-coded steady state genetic
algorithm (SSGA) [20] that was designed to promote high population diversity and (ii) CMA-ES [16] that was used as a local
search procedure. MA-LSCh-CMA was reported to improve over
IPOP-CMA-ES on the multi-model functions of CEC’05 benchmark
set [42].
We consider eight parameters for tuning MA-LSCh-CMA. They
are the population size p, the probability of mutating a chromosome
pmut, the number of evaluations in each local search by CMA-ES
ils, the ratio of the number of function evaluations allocated to
SSGA and CMA-ES, r, a low threshold for the ﬁtness improvement
obtained by CMA-ES (10th , where th is a parameter), and three
parameters (a, b, c) that are the same as in CMA-ES (see Section 2.1).
2.3. SaDE
Different evolution (DE) [52] is an algorithm for continuous
optimization, which includes three important parameters: population size p, scaling factor f and crossover rate cr. SaDE [48] uses
a self-adaptive mechanism [13], that is, it uses feedback from the
search process to update trial vector generation strategies and the
associated parameters. This algorithm, for which very high performance was reported on the 10-dimensional functions of the CEC’05
benchmark set [48], won also the IEEE Transactions on Evolutionary
Computation Outstanding Paper Award, illustrating its prominent
role in DE.
Although SaDE adapts the parameters f and cr, the new parameters used to actually adapt f and cr are candidates for being
ﬁne-tuned. In particular, we consider ﬁve parameters for tuning
SaDE. These are the population size p, the period of learning from
previous experiences lp, the mean value (fm) and standard deviation (fsd) of the normal distribution to sample the value of f, and
the standard deviation (crsd) of the normal distribution to sample
the crossover rate cr.
2.4. MOS
MOS [29] is a multiple offspring sampling framework for
dynamically hybridizing evolutionary algorithms. The framework
dynamically evaluates the offspring techniques involved and
adjusts their participation. A MOS-based memetic DE algorithm for
continuous optimization (MOS) is proposed in [30]. In this hybrid,
DE and a local search technique are executed in sequence by means
of a high-level relay hybrid (HRH) [54]. The MOS algorithm obtained
the best performance among the 13 algorithms published in the
special issue related to the evaluation of algorithms on the SOCO
benchmark set.
We consider ﬁve parameters for tuning MOS. They are the population size p, the scaling factor of DE, f, the crossover rate of DE,
cr, a minimum participation ratio in the HRH approach mpr and
the number of function evaluations for each call to the local search
procedure, fesls.

2.5. IPSOLS
In a particle swarm optimization (PSO) algorithm, particles’
velocities and positions are updated at each iteration to search
promising solutions to the optimization problem at hand [26,27].
Over the recent years, many modiﬁcations to the original PSO has
been proposed. IPSOLS [43] is a recent PSO algorithm that uses a
time-varying, growing population size and combines the PSO algorithm with Powell’s conjugate direction set method [47]. IPSOLS
was tested on the SOCO benchmark set and in the competition it
was the overall best performing PSO algorithm. Hence, we have
selected it for the present paper.
The parameters that we have chosen for tuning are the same as
described in the original paper [43] and we refer for further details
to that paper. In summary, the parameter refer to the topology used
(Top); iw, 1 , and 2 are the inertia weight and the acceleration
coefﬁcients (personal and social), respectively; initp is the initial
population size; ftol and lsItr are parameters for the stopping criterion of the local search related to a threshold of the improvement
between two local search iterations and a maximum number of
local search iterations; lsF and stagItr refer to a limit on the number
of times local search can start from a same particle position and the
number of iterations before restarting the algorithm.
2.6. IABCLS
The artiﬁcial bee colony (ABC) algorithm [25] was inspired by
the foraging behavior of a honeybee swarm around their hive.
The ABC algorithm involves three phases of foraging behavior
which are conducted by the employed bees, onlookers and scouts,
respectively. ABC algorithms essentially perform a local search that
explores in parallel a number of solutions which is equal to the
number of bees in the colony. IABCLS [3] is an ABC algorithm which
uses an increasing colony size and an additional local search procedure. It is the ﬁrst ABC algorithm that was evaluated on the SOCO
benchmark set and it performed competitive to the algorithms
published in SOCO. A recent comparison of various ABC algorithm
variants conﬁrmed IABCLS as a top performing ABC algorithm [35].
The parameters for tuning of IABCLS are initp, the initial population size; every g iterations one new individual is added to the
population until a maximum population size Fmax is reached. If
the population is increased, the new search point to be explored
is biased by a factor 10rf , where rf is a parameter, from a random
location toward the location of the best solution found so far. If in
the vicinity of a current solution for limit iterations no improved
solution is found, it is replaced with a new random solution. The
parameters lsF, ftol, and lsItr are analogous that what has been
explained for IPSOLS. However, in the case of IABCLS the Mtsls1
[55] local search method is used.
2.7. UACOR
Ant colony optimization (ACO) was originally proposed for
solving discrete optimization problems [11]. Recently, the adaption of ACO algorithms to continuous domains receives increasing
attention [51,31,33]. These ACO algorithms generate a solution
by sampling dimension by dimension variable values according to some probability distribution that is determined by an
archive of high-quality solutions. UACOR [37,32] is a uniﬁed, conﬁgurable ant colony framework for continuous optimization that
allows automatic algorithm conﬁguration methods to instantiate the optimizer. In particular, the incremental ACO algorithm
[33], which has shown to outperform earlier available ACO algorithms for continuous optimization, can be instantiated using a
speciﬁc parameter setting from the UACOR framework. Other
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high-performing instantiations of the UACOR framework have been
generated and examined in [37].
The various parameters of UACOR refer to the following algorithmic components. DefaultMode refers to the type of solution
construction (around any solution in the archive or only the best
one—only in the latter case the parameter EliteQbest is relevant);
parameters initAS, IsIncrement, and GrowthIter refer to population size and incremental colony size, respectively; parameters
Na and NaIsAS refer to the choice of the number of ants in the
solution construction and around which solutions are new one
is constructed; Qbest , WeightGsol, q, and  are parameters deﬁning
the probability distributions in the solution construction; parameters RmLocalWorse and SnewvsGsol are used to bias the update
of the solution archive in each iteration; parameters LsType, LsIter,
and LsFailures deﬁne which local search is used (none, Powell, or
Mtsls1) and are parameters for the stopping criterion of the local
search; ﬁnally, parameters RestartType, StagIter, StagThresh, Shakefactor, and RestartAS refer to a possible partial algorithm restart if
algorithm stagnation is detected.2
3. Automatic parameter tuning
In the literature, algorithm parameters are usually set based
on the experience and preliminary experiments executed by an
algorithm’s designer(s). Sometimes, a “manual” tuning procedure,
for example, through experimental design type analyses such as
ANOVA or some other manual tuning approach is applied. For
several of the algorithms we examine here, this was also the
methodology followed by the original authors. In particular, the
parameter values of IPOP-CMA-ES, MA-LSCh-CMA and SaDE were
set by experience, while parameter values of MOS were derived
from a manual tuning procedure. Differently, for the algorithms
that have been developed by co-authors of the present paper,
namely for IABCLS, IPSOLS and UACOR, a parameter tuning methodology based on the usage of automatic algorithm conﬁguration
techniques was employed. In fact, automatic algorithm conﬁguration may examine the algorithm design space more carefully than
what is possible by manual tuning and ultimately lead to a shift of
paradigm in the design of heuristic algorithms [22].
Automatic algorithm conﬁguration is also relevant in the context of algorithm comparisons due to a number of reasons. First, one
may give an even tuning effort to all algorithms compared and avoid
that the superiority of one algorithm over another is due to the fact
that it has been tuned much more intensively than the other. Second, possible biases through the algorithm designers are avoided as
the automatic tuning is done by a computer. Finally, the automatic
algorithm conﬁguration process often results in parameter settings
that improve over the algorithm defaults [7,23]. Nevertheless, the
choice of the training set of instances for the automatic conﬁguration may play a crucial role. In the experimental section, we detail
how we have taken care about these possible issues.
In this article, we employ Iterated F-Race [7], an automatic algorithm conﬁguration method that is provided by the irace package
[39]. F-race is a racing method that is used for selecting the best
algorithm conﬁguration from a set of given candidate algorithm
conﬁgurations. F-race starts with an initial candidate set of algorithm conﬁgurations. All (surviving) candidate conﬁgurations are
tested iteratively on a stream of problem instances. Once all algorithm conﬁgurations algorithms have seen one particular problem
instance (this is one step of F-race), the algorithm conﬁgurations
that perform statistically signiﬁcantly worse than others are eliminated from the race; then, the next step of F-race is done, which

2
A detailed explanation of the UACOR framework would take several journal
pages; we refer to [37], pp. 3–13, for the detailed description.
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consists in testing all surviving candidate conﬁgurations on the next
problem instance. The statistical test applied to eliminate candidate
algorithms is the F-test with its associated post hoc test [10]. Iterated F-race repeatedly generates sets of candidate conﬁgurations
biased by the best candidate conﬁgurations of the previous iteration and applies F-race to determine the best overall algorithm
conﬁguration. For details on the iterated F-race procedure we refer
to [7] and the publicly available irace package [39].
Note that in the context of tuning continuous optimizers, the
fact that the statistical test in F-race relies on ranking the results of
the algorithm conﬁgurations gives speciﬁc advantages as it eliminates the possibly high differences of the ranges of the objective
function values across the various benchmark functions. Without
ranking, few functions that show large objective function values
would dominate the evaluation of algorithm performance.

4. Benchmark sets
We evaluate the seven continuous optimizers on the CEC’05
and the SOCO benchmark set. The two benchmark sets contain
25 and 19 functions, respectively. Common characteristics of both
benchmark sets are that (i) they include few standard benchmark functions from the continuous optimization literature such as
Sphere, Rosenbrock, Rastrigin, or Griewank; (ii) they randomly shift
functions to avoid that algorithms exploit implicitly (or explicitly)
the fact that for many benchmark functions optimal solutions are at
the center of the search space; (iii) the functions in both benchmark
sets are typically bound constrained; the only exception are two
functions from the CEC’05 benchmark set (functions fcec7 and fcec25 ),
for which only an initialization range is given; (iv) they both contain
hybrid functions that are composed of several, simpler functions.
However, the hybrid functions of the CEC’05 benchmark appear to
be harder that those of the SOCO benchmark set. A signiﬁcant difference between the two benchmark sets is that 16 of the 25 CEC’05
functions are artiﬁcially rotated to induce stronger dependencies
between (all) variables. This is one aspect that potentially makes the
CEC’05 benchmark functions more difﬁcult to solve than functions
from the SOCO benchmark set. While one effect of rotation is to
avoid that functions are separable, it should be remarked that also
in the SOCO benchmark set 15 out of 19 functions are not separable,
that is, they cannot be optimized by considering each dimension
independently of the others. The properties of the CEC’05 and SOCO
benchmark functions are listed in Table 1; a detailed description
of each of the functions is given in the original description of the
CEC’05 and SOCO benchmark functions [53,21].
The functions of both benchmark sets are freely scalable; however, in the CEC’05 benchmark set only rotation matrices for the
functions of dimension 10, 30, and 50 are given so that these are
also the dimensions that are usually used when evaluating algorithms on this benchmark set. Here, we follow this standard. The
functions of the SOCO benchmark set were proposed for evaluation in dimensions up to 1000. However, as our focus here is not
on examining explicitly the scaling behavior of algorithms, in this
paper we restrict the evaluation to problems of dimension 10, 50,
and 100. For each of the benchmark sets, we apply the termination
conditions described in [53,21] for the CEC’05 and SOCO benchmark sets: the maximum number of function evaluations given as
10 000 × D for the CEC’05 functions, and 5000 × D evaluations for
the SOCO functions, respectively, where D is the dimensionality of
a function. The error values of the objective functions at the termination criterion are recorded; the error value is f(x) − f(x∗ ), where
x is a candidate solution and x∗ is the optimal solution (optimal
solutions are known by the construction of the benchmark functions). Following the CEC’05 and SOCO benchmark deﬁnition, error
values lower than 10−8 are approximated to 10−8 (10−8 is referred
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Table 1
Description of the SOCO and CEC’05 benchmark function suite. Given is the identiﬁer of the function, the name, the range for the feasible range of variable values (an exception
are functions fcec7 and fcec25 , where initialization ranges are speciﬁed), an indication whether the functions are uni- (U) or multi- (M) modal, whether they are separable (Y)
or not (N), and whether they are artiﬁcially rotated (Y) or not (N).
ID

Name/description

Range
[Xmin , Xmax ]D

Uni/Multimodal

Separable

Rotated

fsoco1
fsoco2
fsoco3
fsoco4
fsoco5
fsoco6
fsoco7
fsoco8
fsoco9
fsoco10
fsoco11
fsoco12
fsoco13
fsoco14
fsoco15
fsoco16
fsoco17
fsoco18
fsoco19

Shift.Sphere
Shift.Schwefel 2.21
Shift.Rosenbrock
Shift.Rastrigin
Shift.Griewank
Shift.Ackley
Shift.Schwefel 2.22
Shift.Schwefel 1.2
Shift.Extended f10
Shift.Bohachevsky
Shift.Schaffer
fsoco9 ⊕ 0.25 fsoco1
fsoco9 ⊕ 0.25 fsoco3
fsoco9 ⊕ 0.25 fsoco4
fsoco10 ⊕ 0.25 fsoco7
fsoco9 ⊕ 0.5 fsoco1
fsoco9 ⊕ 0.75 fsoco3
fsoco9 ⊕ 0.75 fsoco4
fsoco10 ⊕ 0.75 fsoco7

[−100,100]D
[−100,100]D
[−100,100]D
[−5,5]D
[−600,600]D
[−32,32]D
[−10,10]D
[−65.536,65.536]D
[−100,100]D
[−15,15]D
[−100,100]D
[−100,100]D
[−100,100]D
[−5,5]D
[−10,10]D
[−100,100]D
[−100,100]D
[−5,5]D
[−10,10]D

U
U
M
M
M
M
U
U
U
U
U
M
M
M
M
M
M
M
M

Y
N
N
Y
N
Y
Y
N
N
N
N
N
N
N
N
N
N
N
N

N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N

fcec1
fcec2
fcec3
fcec4
fcec5
fcec6
fcec7
fcec8
fcec9
fcec10
fcec11
fcec12
fcec13
fcec14
fcec15
fcec16
fcec17
fcec18
fcec19
fcec20
fcec21
fcec22
fcec23
fcec24
fcec25

Shift.Sphere
Shift.Schwefel 1.2
Shift.Ro.Elliptic
Shift.Schwefel 1.2 Noise
Schwefel 2.6 Opt on Bound
Shift.Rosenbrock
Shift.Ro.Griewank No Bound
Shift.Ro.Ackley Opt on Bound
Shift.Rastrigin
Shift.Ro.Rastrigin
Shift.Ro.Weierstrass
Schwefel 2.13
Griewank plus Rosenbrock
Shift.Ro.Exp.Scaffer
Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition
Ro. Hybrid Composition

[−100,100]D
[−100,100]D
[−100,100]D
[−100,100]D
[−100,100]D
[−100,100]D
[0,600]D a
[−32,32]D
[−5,5]D
[−5,5]D
[−0.5,0.5]D
[−,]D
[−3,1]D
[−100,100]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[−5,5]D
[2,5]D a

U
U
U
U
U
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M

Y
N
N
N
N
N
N
N
Y
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N
N

N
N
Y
N
N
N
Y
Y
N
Y
Y
N
N
Y
N
Y
Y
Y
Y
Y
Y
Y
Y
Y
Y

a

Initialization range without bound constraints. Its global optimum is outside of initialization range.

to as optimum threshold) for CEC’05 functions, and error values
lower than 10−14 are approximated to 10−14 (10−14 is referred to
as optimum threshold) for SOCO functions. The threshold levels can
be seen as tolerances below which differences in objective values
do not make (any) practical differences in case of real optimization
problems; for benchmark problems, in the past they have also be
used to avoid numerical issues.
Another signiﬁcant benchmarking effort has been introduced
by the Black-Box Optimization Benchmarking (BBOB) series of
workshops that are held regularly at the GECCO conference since
2009 (with the only exception of 2011). This benchmark set comprises 25 functions that are scaled from 2 to 40 dimensions. It is
accessible through the COCO (COmparing Continuous Optimisers,
see http://coco.gforge.inria.fr/doku.php) platform, which provides
extensive tools for the analysis of the tested algorithms. It shares
with the CEC’05 benchmark set the fact that many functions are
artiﬁcially rotated. Also more recently, benchmarking efforts continue. For example, the CEC’05 benchmarking effort was continued
at CEC 2013, where 28 benchmark functions (with a large overlap
to the CEC’05 benchmark set) have been proposed. We expect
that the algorithms behave similarly on the CEC’05 and CEC’13

benchmark sets as they have considerable overlaps and their
deﬁnition is based on the same principles.
5. Experimental setup
In this paper, we evaluate the optimizers following the experimental protocols of the CEC’05 and SOCO benchmark sets and run
them on the dimensions detailed in the previous section. Each optimizer is run 25 times independently on each function. We consider
the ﬁnal mean error values over the 25 runs on each function. Since
the range of the mean error values varies strongly from function to
function, we rank the optimizers’s results on each function (best
rank is one and the worst rank is seven, as seven optimizers are
compared), and then we compute each optimizer’s mean rank over
each benchmark. Better and worse performance corresponds to
lower and higher mean rank values, respectively. The best, mean,
median, and worst error values of each optimizer for each function
are available as Supplementary material [34].
For parameter tuning, we follow the automatic tuning procedure used for tuning UACOR [37], and apply the same procedure
to the other six continuous optimizers. As UACOR was developed
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as a conﬁgurable framework, no default parameter settings were
deﬁned but the parameterization of UACOR was done directly by an
automatic algorithm conﬁguration method. Therefore, in the case
of UACOR, the default and the tuned conﬁgurations are considered
to coincide for what follows.
The tuning procedure we apply is the following. The performance measure for tuning is the objective function error value of
each instance. The tuning budget is set to 5000 runs of the continuous optimizer undergoing tuning. The settings of Iterated F-Race
are the default ones [39]. To cope with the problem of choosing
an appropriate training set, each of the continuous optimizers is
tuned twice. The ﬁrst tuning uses as training set the 25 benchmark
functions of 10 dimensions from the CEC’05 benchmark set. These
functions are presented in a random order (to avoid biases as the
functions tend to be ordered from easy to hard) to Iterated F-race
and the number of function evaluations of each optimizer run is
equal to 10 000 × D (where D = 10). The second tuning uses as training set the 19 benchmark functions of 10 dimensions from the SOCO
benchmark set. The functions are again presented to Iterated F-race
in a random order and the number of function evaluations of each
run of a candidate conﬁguration is equal to 5000 × D (D = 10). The
obtained conﬁgurations in the ﬁrst and second tuning are identiﬁed by tcec and tsoco, respectively. The conﬁgurations are given in
Tables 2 and 3.
Note that parameter settings for IPSOLS and IABCLS were
obtained in the original papers by an automatic algorithm tuning
using the SOCO benchmark functions as training set and that IPSOLS
and IABCLS have not been evaluated on the CEC’05 benchmark set
so far. The tuning procedure followed in the original papers was different from the one applied here3 and therefore we re-tune IPSOLS
and IABCLS with the tuning setup outlined above; the settings of
IPSOLS and IABCLS from the original papers we consider here as
“default”.
We present the main results of our experiments in three stages.
First, we evaluate default and tcec parameter settings on the CEC’05
benchmark set; second, we evaluate default and tsoco parameter
settings on the SOCO benchmark; third, we evaluate tcec (tsoco)
parameter settings on the SOCO (CEC’05) benchmark set, that is, on
the respectively other set.
6. Evaluation on the CEC’05 benchmark set
In this section, we analyze the optimizers’ performance using
default and tcec parameter settings on the CEC’05 benchmark functions in dimensions 10, 30 and 50.
6.1. Effectiveness of automatic tuning
As a ﬁrst test, we examine the performance improvement
obtained by using tuned parameter settings with respect to default
ones. Fig. 1 shows the comparison of the mean rank between default
and tuned settings for each optimizer on the CEC’05 benchmark
functions of dimensions 10, 30 and 50 (except UACOR, see above).
Except for MA-LSCh-CMA on problems of dimension 50, the tuned
parameter settings always result in a better ranking, that is, in lower
mean error values on a majority of the benchmark functions than
the default parameter setting. Note that IABCLS and IPSOLS have
previously been tuned on the SOCO benchmark set and not on the
CEC’05 benchmark set. Hence, for these two algorithms the results

3
In particular, in the original papers a tuning budget of 50 000 runs of candidate
conﬁgurations was considered and the functions were not presented to F-race one
by one but in blocks covering the whole benchmark set.
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conﬁrm that there are apparently differences between the SOCO
and CEC’05 benchmark set and that tuning directly on the CEC’05
functions improves performance, while for the other algorithms the
results conﬁrm that often the tuned parameter settings improve
over manually tuned settings.
6.2. Performance comparison of optimizers
Fig. 2 compares the mean rank values for the optimizers
using default (left plots) and tuned (right plots) parameter settings on the CEC’05 benchmark functions of dimensions 10,
30 and 50 (from top to bottom). If a mean rank value in
Fig. 2 is highlighted, this indicates statistically signiﬁcantly worse
performance of the corresponding optimizer than the best performing one according to Holm’s multiple test at signiﬁcance level
˛ = 0.05.
Let us focus ﬁrst on the ranking of the optimizers under
default parameter settings. For dimensions 10 and 30, IPOP-CMAES is the best ranking optimizer, while on dimension 50 it is
MA-LSCh-CMA. MOS, the top performing algorithm on the SOCO
benchmark set [40] was never previously tested on the CEC’05
benchmark set. Maybe surprisingly it is always statistically signiﬁcantly worse than the best algorithm and for dimensions 30
and 50 the worst ranking algorithm among those compared.
IPSOLS and IABCLS perform signiﬁcantly worse than the bestperforming optimizer in each dimension. SaDE ranks third and
forth on dimensions 10 and 30 (the difference to the best not
being statistically signiﬁcant); on dimension 50 is performs statistically worse than the best algorithm. UACOR ranks second or
third and is never statistically signiﬁcantly worse than the best
algorithm.
Considering tuned parameter settings, IPOP-CMA-ES now ranks
best across all dimensions. Particularly striking is the behavior of SaDE, which ranks second on dimension 10 but it is
the worst ranking algorithm on dimension 50, thus, exhibiting
apparently poor scaling behavior. MA-LSCh-CMA ranks second
on dimensions 30 and 50. While in dimension 10 IPSOLS is
the only optimizer that performs statistically signiﬁcantly worse
than IPOP-CMA-ES, in dimensions 30 and 50, this is the case for
IPSOLS, MOS, IABCLS and SaDE; using tuned parameter settings,
MOS is not anymore the worst ranking of the seven algorithms,
different from what had happened using default parameter settings.
Considering both, default and tuned parameter settings, we ﬁnd
that IPOP-CMA-ES, MA-LSCh-CMA and UACOR are the only three
algorithms that never perform signiﬁcantly worse than the best
performing one in any dimension.
6.3. Additional experiments
When comparing tuned to default parameter settings, MALSCh-CMA was the only algorithm where the tuned settings in
one dimension (dimension 50) performed worse than default settings (see Fig. 1). One reason may be that the tuning was done
only on benchmark functions of dimension 10, thus, resulting
possibly in poor scaling behavior with the number of dimensions. To examine this possibility, we re-tuned MA-LSCh-CMA on
the 30-dimensional training problems (this tuned setup is called
tcec-30D) and repeated the tests on dimensions 30 and 50. An
analogous tuning has been done with SaDE as this algorithm suffered from a strong drop of performance with increasing problem
dimension: the tuned SaDE ranked second for dimension 10 and
worst for dimension 50. Fig. 3 shows that the parameter conﬁgurations obtained with the tcec-30D tuning setup improve over
the default settings or the settings obtained by tuning on the 10dimensional problems for both, MA-LSCh-CMA and SaDE. However,
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Table 2
Parameters that have been considered for tuning. Given are the default values of the parameters and the range we considered for tuning. The last two columns are for the
settings tuned on the CEC’05 (tcec) and SOCO (tsoco) benchmark sets, respectively. The type of parameter indicates whether the parameter is a categorical (c), an integer (i)
or a real-valued (r) parameter.
IPOP-CMA-ES
Parameter (tuning)

Internal parameter

Default

Types

Range

a
b
c
d
e
f
g

Init pop size:  = 4+  a ln(D) 
Parent size:  = /b 
Init step size:  0 = c · (B − A)
IPOP factor: ipop = d
stopTolFun = 10e
stopTolFunHist = 10f
stopTolX = 10g

3
2
0.5
2
−12
−20
−12

r
r
r
r
r
r
r

[1, 10]
[1, 5]
(0, 1)
[1, 4]
[-20, -6]
[-20, -6]
[-20, -6]

Tuned
tcec

tsoco

7.315
3.776
0.8297
2.030
−8.104
−6.688
−13.85

9.742
1.627
0.6256
3.560
−11.030
−13.270
−13.36

MA-LSCh-CMA
Parameter (tuning)

Default

Types

Range

p
pmut
ils
r
th
a
b
c

60
0.125
500
0.5
−8
3
2
0.3

i
r
i
r
i
r
r
r

[30, 120]
(0, 0.2]
[100, 700]
[0.2, 0.8]
[−14, −1]
[1, 10]
[1, 5]
(0, 1)

SaDE

Tuned
tcec

tsoco

86
0.02710
317
0.6302
−11
2.152
3.344
0.1711

66
0.03506
521
0.7338
−12
3.563
4.134
0.2886

MOS

Parameter (tuning)

Default

Types

Range

p
lp
fm
fsd
crsd

50
50
0.5
0.3
0.1

i
i
r
r
r

[10, 100]
[20, 80]
[0, 1]
[0, 1]
[0, 1]

Tuned
tcec

tsoco

46
68
0.6322
0.8808
0.07112

41
61
0.6358
0.8177
0.8083

Parameter (tuning)

Default

Types

Range

p
f
cr
mpr
fesls

15
0.5
0.5
0.05
3000

i
i
r
r
r

[10, 100]
[0, 1]
[0, 1]
[0.01, 0.1]
[1000, 5000]

Tuned
tcec

tsoco

47
0.9291
0.5936
0.02747
3495

11
0.7198
0.6723
0.07065
4781

IPSOLS
Parameter (tuning)

Top
iw
1
2
initp
lsF
stagItr
g
ftol
lsItr

Default

FC
0
0.84
0.85
1
13
27
1
−1
87

Types

Range

{FC, R}
[0, 1]
[0, 4]
[0, 4]
[1, 100]
[1, 20]
[2, 30]
[1,10]
[−13, −1]
[1, 100]

c
r
r
r
i
i
i
i
r
i

Tuned
tcec

tsoco

FC
0.4912
1.968
1.921
61
12
16
2
−1.485
20

FC
0.8091
0.3978
3.899
6
3
24
6
−1.282
99

IABCLS
Parameter (tuning)

Default

Types

Range

initp
g
Fmax
rf
limit
lsF
ftol
lsItr

7
9
44
−0.94
99
9
−5.609
82

i
i
i
r
i
i
r
i

[2, 30]
[1, 10]
[30, 100]
[−14, 0]
[10, 100]
[1, 20]
[−13, −1]
[1, 100]

the improved performance for SaDE by tuning setting tcec-30D is
not enough to improve its overall ranking when compared to the
other algorithms: SaDE remains the fourth ranking algorithms on
D = 30 and the worst ranking algorithm for D = 50 (see supplementary pages [34] for details).

Tuned
tcec

tsoco

20
3
97
−1.327
52
18
−0.1455
33

6
4
68
−4.7370
76
9
−5.708
51

7. Evaluation on the SOCO benchmark set
In this section, we evaluate the default parameter settings and
the tsoco parameter settings on the SOCO benchmark set in 10, 50
and 100 dimensions.
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Table 3
Parameters that have been considered for tuning. Given are the parameters and the continuous range we considered for tuning. The last two columns are for the settings on
the CEC’05 (tcec) and the SOCO (tsoco) benchmark sets, respectively. The type of parameter indicates whether the parameter is a categorical (c), an integer (i) or a real-valued
(r) parameter. Some settings are only signiﬁcant for certain values of other settings; if they are not used, they are indicated by “∗”.
Parameter (tuning)

Types

DefaultMode
EliteQbest
InitAS
IsIncrement
GrowthIter
NaIsAS
Na
Qbest
WeightGsol
q

RmLocalWorse
SnewvsGsol
LsType
LsIter
LsFailures
RestartType
StagIter
StagThresh
Shakefactor
RestartAS

Defaulta

Range

{T, F}
[0, 1]
[20, 100]
{T, F}
[1, 30]
{T, F}
[2, 20]
[0, 1]
{T, F}
(0, 1)
(0, 1)
{T, F}
{T, F}
{F, Powell, Mtsls1}
[1, 100]
[1, 20]
{F, 1st, 2nd}
[1, 1000]
[-15, 0]
[-15, 0]
[2, 100]

c
r
i
c
i
c
i
r
c
r
r
c
c
c
i
i
c
r
r
r
i

Tuneda

tcec

tsoco

tcec

tsoco

T

T

T

T

*

*

*

*

66
T
13
T

48
T
4
F
16
0.1895
T
0.2591
0.6511
F

66
T
13
T

48
T
4
F
16
0.1895
T
0.2591
0.6511
F

*

0.5351
F
*

0.6945
T
T
Mtsls1
28
7
2nd
11
-2.539
-0.02061
10

*

0.5351
F
*

0.6945
T
T
Mtsls1
28
7
2nd
11
-2.539
-0.02061
10

*

Mtsls1
84
8
F
*
*
*
*

*

Mtsls1
84
8
F
*
*
*
*

a

1.56
1.48

1.44

1.34

10D

30D

50D

MOS
Default
Tuned

1.76

1.62

1.62

1.38

1.38

1.24

10D

30D

50D

1.64

1.58
1.42

1.36

10D

30D

1.48

1.52

50D

IABCLS
Default
Tuned
1.7

1.72

1.68

1.3

10D

1.32

30D

1.28

50D

Rank
1.0 1.2 1.4 1.6 1.8 2.0

1.52

MA−LSch−CMA
Default
Tuned

Rank
1.0 1.2 1.4 1.6 1.8 2.0

1.66

Rank
1.0 1.2 1.4 1.6 1.8 2.0

IPOP−CMA−ES
Default
Tuned

Rank
1.0 1.2 1.4 1.6 1.8 2.0

Rank
1.0 1.2 1.4 1.6 1.8 2.0

Rank
1.0 1.2 1.4 1.6 1.8 2.0

The default and tuned conﬁgurations of UACOR are considered coincident. The default conﬁgurations are derived from the automatic tuning procedures that are applied
to tune other six optimizers.
*
Parameter is not used in the speciﬁc conﬁguration.

SaDE
Default
Tuned
1.62

1.6

1.54
1.46

1.4

1.38

10D

30D

50D

IPSOLS
Default
Tuned
1.68

1.32

10D

1.74

1.74

1.26

30D

1.26

50D

Fig. 1. Given are bar-plots that show the mean rank obtained by the default and the tuned parameter settings for the investigated optimizer on the CEC’05 benchmark set
of dimensions 10, 30 and 50 respectively. The numbers on the top of the bars correspond to the mean rank values.

7.1. Effectiveness of automatic tuning
As before, we ﬁrst examine the performance improvements
obtained by tuned parameter settings with respect to default ones.
Fig. 4 shows the comparison of the mean rank between default and
tuned settings for IPOP-CMA-ES, MA-LSCh-CMA, SaDE, and MOS on
the SOCO benchmark set of dimensions 10, 50 and 100. The tuned
parameter settings improve in all cases over the default settings.
Although SaDE uses a mechanism to self-adapt parameter settings
during a run, the improvement given to SaDE through the ofﬂine
tuning process is particularly striking.
As explained earlier, we use a different tuning setup for IPSOLS
and IABCLS than the one used in the original papers. Fig. 5 compares the performance of the re-tuned algorithms to the settings
from the original paper. While on the 10-dimensional functions,

the performance of the “re-tuned” IPSOLS and IABCLS is worse
than that with the original parameter settings, for 50 and 100
dimensions better results are obtained by the “re-tuned” settings.
This may be an indication of over-tuning to the 10-dimensional
functions in the original papers.

7.2. Performance comparison of optimizers
Fig. 6 compares the mean rank values for the optimizers using
the default (left plots) and tuned (right plots) for the SOCO benchmark set of dimensions 10, 50 and 100 (from top to bottom). Again,
a highlighted mean rank value in the plots indicates statistically
signiﬁcantly worse performance than the best optimizer according
to Holm’s test with ˛ = 0.05.
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Fig. 2. Given are bar-plots with the mean rank values obtained by the default parameter settings of all optimizers (left plots) and by the tuned parameter settings (conﬁguration
tcec) of all the optimizers (right plots) on the CEC’05 benchmark set of dimensions 10, 30 and 50, respectively. Highlighted mean rank values indicate that its corresponding
optimizer performs statistically signiﬁcantly worse than the best-performing optimizer by the Holm’s test at signiﬁcance level ˛ = 0.05.

SaDE

3.0

3.0

MA−LSch−CMA

Default
Tc10
Tc30

2.5

2.5

Default
Tc10
Tc30

2.26

2.18

2.16
2.02

1.98

1.82

1.98
1.76

1.74

1.5
30D

1.0

1.0

1.5

1.78

2.08

Rank
2.0

Rank
2.0

2.24

50D

30D

50D

Fig. 3. Given are bar-plots with the mean rank values obtained by the default and tuned algorithm conﬁgurations (tuned on either 10- or 30-dimensional problems), indicated
by Default, Tc10, Tc30, of MA-LSCh-CMA (left) and SaDE (right).

1.68

Default
Tuned

1.68

1.68

1.68

MOS

2.0

1.94
1.89

1.8

Default
Tuned

1.8

Default
Tuned

1.8

1.8
1.68

SaDE

2.0

MA−LSch−CMA

2.0

2.0

IPOP−CMA−ES
Default
Tuned

Rank
1.4
1.6

1.32

1.58

1.55
1.45

1.42
1.37

1.2

1.32

Rank
1.4
1.6

1.45

1.42

1.2

1.32

Rank
1.4
1.6

1.32

1.55

1.2

1.32

1.2

Rank
1.4
1.6

1.63
1.58

1.11

10D

50D

100D

10D

50D

100D

1.0

100D

1.0

50D

1.0

1.0

1.06

10D

10D

50D

100D

Fig. 4. Given are bar-plots with the mean rank values obtained by the default parameter settings and the parameter settings tsoco for each investigated optimizers on the
SOCO benchmark set of dimensions 10, 50, and 100 respectively. The values labeled on the top of the bars correspond to the mean rank values.
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IABCLS

IPSOLS

1.6

Rank

1.61

1.58

1.39

1.42

1.2

1.2

1.37

1.4

1.6

Rank

1.5

1.4

1.5

IABCLS

IPSOLS

1.0

1.0

1.63

1.0

Rank

1.6

1.34

1.2

1.4

1.39

50000 runs
5000 runs

1.8

1.8

1.8

50000 runs
5000 runs

1.66
1.61

100D

2.0

50D

2.0

2.0

10D
50000 runs
5000 runs
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IABCLS

IPSOLS

Fig. 5. Comparison between the “default” settings (indicated by “50000 runs”, the tuning budget used in the original publication) and the re-tuned settings (indicated by
5000 runs, the tuning budget used in the present paper) of IABCLS and IPSOLS over dimensions 10, 50 and 100.

Fig. 6. Given are bar-plots with the mean rank values obtained by the default parameter settings of all optimizers (left plots) and by the tuned parameter settings (conﬁguration
tsoco) of all the optimizers (right plots) on the SOCO benchmark set of dimensions 10, 50 and 100, respectively. Highlighted mean rank values indicate that its corresponding
optimizer performs statistically signiﬁcantly worse than the best-performing optimizer by the Holm’s test at signiﬁcance level.

Considering the default optimizer conﬁgurations, the best ranking algorithms are MOS in dimensions 10 and 50 and UACOR in
dimension 100. In 10 dimensions, IPOP-CMA-ES is the only optimizer that is statistically signiﬁcantly worse than MOS, while in
dimensions 50 and 100 this is the case for MA-LSCh-CMA, IPOPCMA-ES and SaDE with respect to MOS or UACOR, respectively.
Considering tuned parameter settings, SaDE is the best ranking
optimizer in 10 dimensions, while MOS becomes the best ranking algorithm in dimensions 50 and 100. IPOP-CMA-ES is the worst
ranking algorithm across all dimensions, while it was the best ranking algorithm on the CEC’05 benchmark set. In dimension 10 it is the
only algorithm that is statistically signiﬁcantly worse than the best
one, while in 50 and 100 dimensions this is also the case for SaDE
and MA-LSCh-CMA (as in the case of default parameter settings).
Considering SaDE, the poor scalability behavior to larger dimensions observed on the CEC’05 benchmark set is also evident on the
SOCO benchmark set: the tuned version of SaDE is the best ranking
algorithm in 10 dimensions but the worst in 50 and 100 dimensions.

Considering, MOS, UACOR, IABCLS and IPSOLS we observe that
none of them is ranking statistically signiﬁcantly worse than the
best-performing optimizer in any of the comparisons on the SOCO
benchmark functions.

8. Impact of tuning and testing on different benchmark sets
In the previous experiments, we tuned the optimizers on the 10dimensional functions of one benchmark set and tested it on 10 and
higher dimensional functions of the same benchmark set. When
restricting to 10-dimensional functions, there is therefore some
danger of over-tuning as the training and the test set are exactly the
same. When comparing the algorithms on higher dimensional functions, one tests the generalization ability across different problem
dimensions. One may wonder how one step further, a separation
between the training set used for tuning and the test set impacts
on the relative performance of the tuned algorithms.
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1.32

1.71

1.71

1.29

50D

10D

1.29

1.2

1.21

50D

100D

1.0

1.2
30D

1.0

10D

1.37

1.26

1.2
50D

1.0

1.2

30D

1.53
1.47

Rank
1.4
1.6

1.42

Rank
1.4
1.6

1.38

1.34

1.58

1.24

1.0

2.0

2.0

1.76

MOS (SOCO)
Default
Tuned−on−cec05

1.63

1.5

10D

Default
Tuned−on−cec05
1.79
1.74

1.68
1.62

Rank
1.4
1.6

1.5

IPOP−CMA−ES (SOCO)

1.8

Default
Tuned−on−SOCO

1.8

1.8

Default
Tuned−on−SOCO

1.66

Rank
1.4
1.6

MOS (CEC’05)

2.0

2.0

IPOP−CMA−ES (CEC’05)

1.8

500

10D

50D

100D

Fig. 7. Given are bar-plots with the mean rank values obtained by IPOP-CMA-ES and MOS on the CEC’05 and SOCO benchmark sets; left two plots: results when tuned on
SOCO and tested on CEC’05; right two plots: results when tuned on CEC’05 and tested on SOCO.

As a ﬁrst step, we applied IPOP-CMA-ES and MOS with the tcec
(tsoco) parameter settings to the SOCO (CEC’05) benchmark set
and compare to the default settings (results are given in Fig. 7).
Interestingly, settings of IPOP-CMA-ES and MOS tuned on SOCO
functions improve over the default parameter settings on CEC’05
functions. However, the opposite happens for both when tcec settings are tested on the SOCO functions: in that case, the default
parameter settings perform better. This latter fact may be explained
for MOS considering that MOS had been manually tuned by the
algorithm designers for the SOCO benchmark competition. Nevertheless, tuning directly on the SOCO functions helped to improve
MOS performance. Hence, tuned settings on the CEC’05 functions
apparently generalize worse than those settings tuned on SOCO
functions. Further research may be necessary to identify what actually makes a robust set of functions to obtain high generalization
of the tuned parameter settings.
If we perform the cross-evaluation of all seven optimizers on
the respectively other benchmark sets, we obtain the ranking given
in Fig. 8: on the left side are given the CEC’05 benchmark results
for tsoco settings and on the right are given the SOCO results for
tcec settings. On the CEC’05 set, the overall ranking of the algorithms remains similar to that observed already in Section 6 with
the noteworthy exception of UACOR, which now ranks poorly on
the CEC’05 benchmark set.4 On the SOCO benchmark set the ranking has changed more signiﬁcantly and, in particular, IPSOLS is now
the top ranking algorithm for dimensions 50 and 100. MOS looses
its top-rank though it is not statistically signiﬁcantly worse than the
best algorithm; similarly MA-LSCh-CMA is now also not statistically
signiﬁcantly worse than the top performer. Still, IPOP-CMA-ES performs poorly on the SOCO functions and SaDE continues to show
poor scaling behavior to larger dimensional functions.
9. Discussion and conclusions
We have tested seven high-performing optimizers considering
“default” and automatically tuned parameter settings and compared the ranking of the mean errors of these optimizers on the
CEC’05 and the SOCO benchmark sets. From a high-level perspective, one main result of the comparison is that the benchmark set
has a considerable impact on the ﬁnal ranking of the algorithms.
While IPOP-CMA-ES was generally the best performing algorithm
on the CEC’05 benchmark set, independent of whether one considers default or tuned parameter settings, on the SOCO benchmark set

4
The poor performance of UACOR is maybe an artifact of the fact that this algorithm is a ﬂexible, conﬁgurable framework: this may help to ﬁne-tune better the
algorithm conﬁgurations to a speciﬁc benchmark set (or, say, application scenario),
which may therefore not generalize that well to other scenarios (see also discussion
in [50]). In a sense, this result may be due to the fact that the training set should be
representative for the test set [6], which here is apparently not the case.

overall MOS was the best ranking algorithm. Concerning the other
algorithms, MA-LSCh-CMA, which uses CMA-ES as a local search
method and which was developed using as target benchmark the
CEC’05 set, tends to follow the same trend as does IPOP-CMA-ES.
IPSOLS and IABCLS, roughly speaking, follow the same trends as
does MOS: relatively poor performance on the CEC’05 benchmark
set but good performance on the SOCO benchmark set. Particular patterns are followed by SaDE and UACOR. SaDE appears to
suffer from poor scaling behavior: while on the 10-dimensional
functions it is a top performing algorithm, it is in all cases statistically signiﬁcantly worse performing than the best algorithm on the
test functions with 50 or 100 dimensions. UACOR is never statistically signiﬁcantly worse than the best performing algorithm on any
of the benchmark sets provided its parameter settings have been
tuned on the same functions of the given benchmark set; an exception is only observed when tuning UACOR on the SOCO benchmark
set but testing it on the CEC’05 one. The latter is possibly an effect of
the larger tunability of UACOR, which is conceived as an algorithm
framework rather than a stand-alone algorithm.
Hence, one main conclusion from these experiments is that the
choice of the benchmark set on which the algorithms are evaluated determines to a large extent the ranking of the algorithms, the
most striking example being the relative ranking of IPOP-CMA-ES
and MOS on the two benchmark sets (best on one and worst on
the other for CEC’05 and SOCO, respectively). The benchmark set
has also a much larger inﬂuence on algorithm ranking than has the
fact whether the algorithms are tuned or default parameter settings are taken (though tuning proved to be useful as in most cases
improved performance over manual settings was obtained). Interestingly, whether an algorithm ranks among the better or the worse
algorithms on a benchmark set is apparently determined in large
part by the benchmark set that was used on which the algorithm has
been evaluated ﬁrst or that was used to evaluate several alternatives during an algorithm’s design. Hence, in a sense, the benchmark
sets introduce a clear bias toward one or another algorithm.
For example, one main difference between the benchmark sets is
that, although in both benchmark sets most functions are not separable, in the CEC’05 benchmark set many functions are additionally
artiﬁcially rotated to induce (stronger) variable correlations among
all variables. Decisive for good performance on this benchmark set
appears to be the ability of algorithms to deal with such rotations.
An algorithm that was designed to have this property is CMA-ES, the
local search algorithm underlying IPOP-CMA-ES: CMA-ES is known
to be scale and rotation invariant [16].
How should one deal with these inherent biases? In fact, an open
question is whether the SOCO or the CEC’05 benchmark set are
the more appropriate benchmark sets. The answer probably is that
none of the two is really representative for the multitude of possible
functions or function characteristics that may arise in applications.
In our opinion, more problems from real-world applications should
be made available as test cases for direct-search methods. One
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Fig. 8. Given are bar-plots with the mean rank values obtained by testing on the CEC’05 functions the parameter setting tuned on the SOCO functions (settings tsoco, left)
and those obtained by testing on the SOCO functions the parameter settings tuned on the CEC’05 functions (settings tcec, right). The highlighted mean rank values indicate
that the corresponding optimizer performs statistically signiﬁcantly worse than the best-performing optimizer by the Holm’s test at signiﬁcance level ˛ = 0.05.

ﬁrst step may be to collect such problems from published articles
and to make them available through a dedicated benchmark problem website. This is certainly a time-consuming task both for the
preparation of the benchmarks as well as for testing the continuous optimizers as the evaluation in real-world applications may
be computationally expensive and may rely on platform speciﬁc
simulations. However, it will help to avoid relying the algorithm
development too strongly on artiﬁcial benchmark problems.
Artiﬁcial benchmark problems will certainly be used and be
useful in future research efforts as they allow easier testing speciﬁc features of algorithm performance. Again, as a ﬁrst step, we
think that a systematic collection and classiﬁcation of the available
benchmark problems according to their speciﬁc function properties
and known behavior of optimizers on these functions is needed.
These benchmark problems ideally should be made available in
different formats for easy integration into codes and collect problems from benchmark competitions such as SOCO, CEC’05 (and
more recent editions CEC’13 and CEC’14), BBOB [17] but also of
benchmark collections developed in the mathematical programming community such as CUTEr [15]. However, for this we believe
that many more artiﬁcial benchmark problems with systematically
varied features should complement the already available standard
ones for experimental comparisons. For example, one may deﬁne
benchmark functions with varying degrees of variable correlations
among subsets of variables and varying conditioning numbers. In
fact, rather hundreds or thousands of additional, new problems
should be generated to extend the currently available benchmark
problems. Such benchmark problems should enable studies that
examine the relative performance of continuous optimizers in
dependence of problem features, a good recent example being the
study of Hansen et al. [19]. Such studies should lead to reﬁned
knowledge on the impact speciﬁc function features have on the relative performance of continuous optimizers. Such knowledge may
also be useful to choose one over another optimizer if something is
known about the high-level properties of the landscape of the function to be optimized. In this context, recent efforts in the landscape
analysis of continuous optimization problems [41] and the usage of

algorithm selection techniques [8,45] may provide important tools
for further progress. In a sense, we think that the variety and the difﬁculty of continuous optimization problems will continue to raise
interesting research questions that may engender further advances
for their effective solution in the future.
On the algorithmic side, it may be useful to design solvers as
conﬁgurable software frameworks that can be re-tuned for speciﬁc
characteristics of functions. This direction may be useful when the
optimization task is repetitive and functions with similar characteristics have to be repeatedly solved. The computational results
of UACOR show that this may be one viable direction. In fact, such
software frameworks should be designed in a way to include complementary algorithm components that are known to be able to
deal effectively with speciﬁc function characteristics; the recent
extension of UACOR to include CMA-ES as local search algorithm
(which effectively deals with high variable correlations due to its
rotation-invariance) [38], gives evidence for this fact.
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[39] M. López-Ibáñez, J. Dubois-Lacoste, T. Stützle, M. Birattari, The irace package, iterated race for automatic algorithm conﬁguration. Technical Report
TR/IRIDIA/2011-004, IRIDIA, Université Libre de Bruxelles, Belgium, 2011,
http://iridia.ulb.ac.be/IridiaTrSeries/IridiaTr2011-004.pdf.
[40] M. Lozano, D. Molina, F. Herrera, Editorial scalability of evolutionary algorithms
and other metaheuristics for large-scale continuous optimization problems,
Soft Comput. 15 (2011) 2085–2087.
[41] O. Mersmann, B. Bischl, H. Trautmann, M. Preuss, C. Weihs, Rudolph G.,
Exploratory landscape analysis, in: N. Krasnogor, P.L. Lanzi (Eds.), Genetic
and Evolutionary Computation Conference, GECCO 2011, Proceedings, Dublin,
Ireland, July 12–16, ACM Press, New York, NY, 2011, pp. 829–836.
[42] D. Molina, M. Lozano, C. García-Martínez, F. Herrera, Memetic algorithms for
continuous optimisation based on local search chains, Evol. Comput. 18 (1)
(2010) 27–63.
[43] M. Montes de Oca, D. Aydn, T. Stützle, An incremental particle swarm
for large-scale continuous optimization problems: an example of tuningin-the-loop (re)design of optimization algorithms, Soft Comput. 15 (2011)
2233–2255.
[44] P. Moscato, Memetic algorithms: a short introduction, in: New Ideas in Optimization, McGraw Hill, London, UK, 1999, pp. 219–234.
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