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Abstract- This paper is a proposal, by the Computa-
tional Intelligence Research Group at the University of
Pretoria (CIRG@UP), for a framework to benchmark
optimisation algorithms. This framework, known as
OptiBench, was conceived out of the necessity to consol-
idate the efforts of a large research group. Many prob-
lems arise when different people work independently on
their own research initiatives. These problems range
from duplicating effort to, more seriously, having con-
flicting results. In addition, less experienced members
of the group are sometimes unfamiliar with the nec-
essary statistical methods required to properly analyse
their results. These problems are not limited internally
to CIRG@UP but are also prevalent in the research
community at large. This proposal aims to standard-
ise the research methodology used by CIRG@UP inter-
nally (initially in the optimisation subgroup and later
in subgroups working in other paradigms of computa-
tional research). Obviously this paper cannot dictate the
methodologies that should be used by other members of
the broader research community, however, the hope is
that this framework will be found useful and that others
will willingly contribute and become involved.

“He uses statistics as a drunken man uses lamp-
posts — for support rather than illumination.”
— Andrew Lang (1844-1912), Treasury of Humor-
ous Quotations

1 Introduction

The Computational Intelligence Research Group at the Uni-
versity of Pretoria (CIRG@UP), at the time of this writ-
ing, consists of just over forty postgraduate students. The
group performs research in neural networks [1, 2], swarm
intelligence [3], evolutionary computation [4, 5], artificial
immune systems [6], data and text mining [7, 8], image
analysis [9] and multi-agent systems® [10, 11]. A group
this large and diverse presents considerable logistical chal-
lenges. OptiBench is a framework/tool that aims to meet
these challenges by alleviating some common problems that
have been identified. These problems are:

e Duplication of effort

¢ Insufficient testing on problems

1For more detailed information about the group and its activities consult
the CIRG@UP web-site at http://cirg.cs.up.ac.zal
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Failure to test against latest developments (comparing
to canonical algorithms only)

Poor choices for parameters

Conflicting results

Invalid statistical inference

What is rather frightening is how many of these problems
are prevalent in the broader research community (see Sec-
tion 3 for examples).

The swarm intelligence subgroup, the largest in
CIRG@UP, predominantly performs research in optimisa-
tion using particle swarms [12, 13]. Since it is the largest,
a framework was initially developed to facilitate research
in this specific subgroup. For this reason many of the ex-
amples presented in this paper will be specific to particle
swarm research. Currently, the framework itself is specific
to optimisation of unconstrained continuous problems, lead-
ing to the name OptiBench. Later, the intention is to expand
this framework for other paradigms, catering to the needs of
the rest of the group. It should be noted that OptiBench is a
work in progress and does not yet fully satisfy all the needs
of the researchers in the swarm intelligence subgroup. Nev-
ertheless some of the elements of the framework are already
being found useful in the rest of the group and may likely
be useful to the broader research community as well.

Without loss of generality, unconstrained optimisation
problems can be represented as follows:

Given f: R* - R
find x* € R” for which f(x*) < f(x), VYx € R®

According to the No Free Lunch (NFL) theorem [14, 15]
all optimisation algorithms perform equivalently when their
performance is averaged over all possible optimisation
problems having a finite search space. This means that any
given algorithm can not outperform any other algorithm, in-
cluding a simple random search or linear enumeration of
the search space, on all problems. Therefore, designing a
benchmark that yields a single number representing the rel-
ative performance for each algorithm over all optimisation
problems is likely to be an exercise in futility. An algorithm
that performs well on some of the problems is likely to per-
form poorly on others.

Christensen et al [16] have shown that a class of “search-
able” functions exists for which better algorithms than ran-
dom search can be found for all problems in this class. Thus



the NFL theorem does not hold for this class of problem.
They also conjecture that many if not most problems of in-
terest to optimisation research will exhibit this “searchable”
characteristic.

OptiBench tests each algorithm on a large set of prob-
lems, much larger than is commonly used in the optimisa-
tion research community. This need for larger problem sets
has also been recognised by Yao et al [17]. The entire prob-
lem set will ultimately include: various synthetic function
minimisation problems; neural network training, on both
synthetic and real world data, for classification as well as
function learning problems; and, if the data is available, any
other real world optimisation problems. The intension is to
collect problems that are as representative as possible of the
real world problems that CIRG@UP is interested in solving.

In addition to ranking the performance of each algorithm
over the entire set of known benchmark problems (which is
possibly dangerous in light of the NFL theorem), OptiBench
allows subsets of the problems to be grouped. The ranking
can then be calculated for a particular class of problem. This
allows us to determine which optimisation algorithms are
best suited to each class of problem.

The OptiBench framework consists of two main compo-
nents, the OptiBench management console? and a Compu-
tational Intelligence Library (CILib)3. Scheduling of exper-
iments on a distributed cluster of machines and the analysis
of the results of these experiments are handled by the man-
agement console. CILib is a free library of problems and al-
gorithms useful to computational intelligence research. The
algorithms are written so that they can be used indepen-
dently of the simulation environment in a real world sce-
nario. Currently the library only includes particle swarm op-
timisation algorithms, since that is the area of research that
its authors are working in, but it has been written in a fash-
ion that is readily extendible. Other members of CIRG@UP
have plans to extend the library into their own paradigms of
research. Work has already been started on extending CILib
in the areas of niching particle swarms, genetic algorithms
and neural networks. The library has been released under
the terms of the GNU* General Public License (GPL)® for
reasons mentioned in Section 4.

A motivation for this proposal that highlights the exis-
tence of the problems discussed here is given in Section 3.
In Section 4, an overview of OptiBench is presented with
reference to how it addresses these problems. Finally some
concluding remarks are made in Section 5. Some necessary
statistical background is given in the following section.

2 Hypothesistesting

This section contains statistics that are required for the dis-
cussion in Section 3. First, some statistical tests that are fre-

2The OptiBench management console is accessible at

http://optibench.cs.up.ac.za/

3The CILib source code is available at http:/cilib.sourceforge.net/

4GNU is the recursively defi ned acronym: GNU’s Not Unix. See
http://www.fsf.org/ for details.

5The full terms of the GNU GPL are avalable at
http://www.fsf.org/licenses/gpl.html

quently used [16, 17, 18] are presented. These tests all rely
on random sampling from normal population distributions.
Consequently, a test for normal sample distributions is in-
cluded next. Finally, a test is presented that is valid when
samples are not necessarily drawn from a normal popula-
tion. This last test is used by OptiBench as discussed in
Section 4.

The probability density function for the normal distribu-
tion N(u, 02) is defined as [19]:
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where p and o2 are parameters for the population mean
and variance respectively. The standardised form of the
normal distribution N(O, 1) is centered around the origin
with unit variance and is obtained using the transformation
y = (z — p)/o. The corresponding characteristic function
is given by:

d(2) = \/%_w/_ e_%yzdy 2

Equation (2) represents the area under the distribution

defined by Equation (1) over the transformed domain
—00 <y < =z

Under the assumption that two independent samples of

size n;_1 9] > 30 are drawn from normal populations, the
test statistic [20]:
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has approximately a N(0, 1) distribution, where X; and S?
are the sample means and variances respectively. This piv-
otal quantity is used to perform statistical inference regard-
ing the population means p; and us from which the samples
are drawn.

Specifically, for some kind of error metric, a one-sided
test is needed to determine if one population’s average error
is significantly better than another. The null hypothesis of
Hy : 1 = po and an alterative hypothesis Hy : p1 < p2
can be formulated to determine if p; is significantly smaller
than ps. The hypothesis Hy can either be rejected or not
rejected at some predetermined level of significance a. If
Hy is rejected then it can be concluded that H; is probably
true. The probability p = P(Z < z) = ®(z), where z is
the calculated value of the test statistic Z, is known as the
p-value. In general, Hy can be rejected if p < a.

The Student’s ¢-test [20] is another well known tech-
nique for performing inference about the population mean
from sample data. Note that the ¢-test has two different test
statistics depending on whether the samples have equal vari-
ances or not. The ¢-test also makes the assumption that the
samples are drawn from a normally distributed population.
In fact, for smaller samples it relies even more heavily on
this assumption.

ANOVA (ANalysis Of VAriance) testing [21] is a popu-
lar method for performing multivariate analysis. This tech-
nique has the added advantage of handling n > 2 samples




simultaneously. However, it too makes the assumption that
each sample is drawn from a normal population distribution.

Testing using any of these methods when the assump-
tions of a normal population are not satisfied is dangerous
and can lead to inference errors.

The x2 goodness of fit test [19, 20] is a well known tech-
nique for testing whether a sample is drawn from a popula-
tion with a given distribution. The test statistic:
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has a x2(k — p — 1) distribution where O; is the observed
frequency of the it" event occurring, E; is the expected fre-
quency under the theoretical distribution being tested, & rep-
resents the number of distinct event categories and p rep-
resents the number of constraints added and/or parameters
estimated, if any. Intuitively, large values of C indicate a
deviation from the expected distribution. The problem with
this approach is that it relies on the events occurring in dis-
crete categories. Of course the normal distribution, which
is continuous, can be made discrete by defining ranges for
each category. The choice of these ranges is subjective and
for this reason the Kolmogorov-Smirnov (KS) test which
works for continuous functions is preferred.

Press et al [22] has a description as well as an efficient
implementation for the KS test. To test if a sample is drawn
from a normal population distribution the test statistic is
simply:

D= |Sn(z) — ®(x)| 5)
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where Sy (z) is an unbiased estimator for the cumulative
sample distribution given by the fraction of data points to
the left of . As for the x? test, large values of D indicate a
deviation from the expected normal distribution. In order to
get the probability that a sample distribution is drawn from
a normal population calculate:

P =Qgs(|\/Ne+0.12+0.11/y/N.|D)  (6)

where N, is the size of the sample and Q ks is defined as:
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If it is determined that a sample was not drawn from a
normal population then non-parametric or distribution free
techniques should be employed. These tests typically per-
form inference on the population medians 7; as opposed to
the means p; since they are more robust estimators for un-
known distributions. While these non-parametric tests are
typically less powerful than the parametric tests just pre-
sented, they do not make as many assumptions about the
form or parameters of the population distribution.

An established non-parametric technique is the
Wilcoxon rank sum test [20]. While it does assume
that both samples have similar distributions, it does not
require that they be normal. To test whether two sample

distributions are drawn from similar populations a slightly
modified [22] KS test can be performed.

Given the null hypothesis Hy : m1 = 12, the Wilcoxon
test can be used to reject it in favour of Hy : i < 7 at
a given level of significance «. The two samples of size
ny and ny with n; < ns are combined into a single joint
sample. The observations in this joint sample are assigned
ranks according to their values in ascending order. The test
statistic defined as:

w=3 g - mtl ®
(1)

where 2(1) R; is the sum of the ranks over the first
sample, has an exact distribution for which the p-values
P(W < wWnp,,n,,q) are tabulated forn; < ne < 10
[20]. For larger samples the test statistic:
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has approximately a N(0, 1) distribution. In this case, the
decision to reject Hy can be made as described earlier for
Equation (3).

3 Motivation

In light of the problems mentioned in Section 1, it is
clear that standardisation of research methodologies within
CIRG@UP is necessary. This standardisation can be greatly
facilitated by a good tool that automates empirical studies
and enables sharing of research software, resources and re-
sults. The hope is that OptiBench will prove to be such a
tool. However, as noted earlier, these problems are not spe-
cific to CIRG@UP. As motivation, a few examples of these
problems will be discussed here. It is hoped that the need
for higher standards, that apply to the broader research com-
munity, will become apparent.

Sadly, example papers used in this section to illustrate
these problems did not take much effort to find. In fact, most
of them were drawn from a single conference proceedings.
The analysis in this section has, for the most part, been lim-
ited to very recent papers in the particle swarm field. The
situation would likely be far worse if a broader time frame
and other computational intelligence paradigms were con-
sidered.

The purpose of this section is definitely not to point fin-
gers but rather to illustrate that these problems do indeed
exist. It should be noted that the authors of this paper have,
up to now, also been guilty of compounding these problems.
Awareness that these problems exist is the first step towards
constructively tackling them as a community.

Duplication of effort is definitely a problem in the con-
text of any research group. Each time a member of the group
has to reinvent the wheel the productivity of the group as a
whole is adversely impacted. Sharing a single software li-
brary amongst the group can put an end to everyone inde-
pendently implementing their own versions of the same con-
trol algorithms for testing their new developments against.



This allows members of the group to concentrate their ef-
forts on developing new and improved algorithms. In addi-
tion to the algorithms, efficiencies can be gained by sharing
problem sets and statistical analysis tools as well. The chal-
lenge will be extending these beyond the research group.

A problem that exists generally, is researchers bench-
marking the performance of their algorithms using only a
small set of functions. Yao et al [17] is a notable exception.
A set of functions that is too small can not be representative
of complex real world problems irrespective of whether the
NFL theorem (see Section 1) holds. CIRG@UP performs
contract research for commercial clients and as a result is
interested in solving such real world problems. The stan-
dard benchmark functions that permeate optimisation litera-
ture are simply not sufficient for testing algorithms. Specif-
ically, they do not aid in determining which algorithms are
best suited to particular classes of problems.

Another problem that exists generally, is researchers fail-
ing to take into account the latest developments within their
field. Specifically, in particle swarm research, numerous
(probably in excess of one hundred) improvements to the
canonical Kennedy and Eberhart [12, 13] version have been
introduced since 1995. Yet now, over eight years later,
researchers [18, 23, 24, 25, 26, 27, 28, 29] still compare
against outdated algorithms, sometimes claiming that their
algorithm is superior without any reference to other, possi-
bly even better, algorithms that have since been developed.
Such comparisons are of little use to a person wishing to
make use of this research to solve real world problems. In
a real world scenario one wishes to use the best algorithm
available to solve a particular type of problem.

In addition to testing against the latest developments, re-
searchers should make a reasonable effort to determine the
best parameters for the algorithms they make comparisons
against. If better parameters cannot be determined or found
in other research then those of the canonical version of the
algorithm should be used. Crippling an algorithm with poor
parameter choices and then making claims that a new devel-
opment is superior is not fair.

As a specific illustration, consider that Ratnaweera et al
[24] have noted some consensus within the discipline that
swarm sizes should be between 20 and 50 (supported by
Shi and Eberhart [30] and Van den Bergh and Engelbrecht
[31]). Despite this, Wang [23], Secrest and Lamont [29]
have used swarms of 100 particles. The latter authors go
as far as to state that this size is commonly used without
citing any references to back up their claim. Peram et al
[28] in turn, have obtained reasonable results using only 10
particles.

Consider, as another example, that Clerc and Kennedy
[32] and Van den Bergh [33] have derived acceleration
coefficients resulting in faster convergence. Very few re-
searchers [18, 25] take these developments into account.
Kennedy [26] is particularly interesting, while the newly
proposed algorithm (based on Clerc’s analysis) takes these
developments into account, it is not clear whether the
canonical version, to which it is compared, does. Many oth-
ers (including Secrest and Lamont [29]) seem to use arbi-

trarily determined parameters. On the other hand, some [23]
do not even provide values for these coefficients so their re-
sults can not be reproduced.

Conflicting results, one of the most serious problems, are
highly prevalent in research literature. Consider some pa-
pers [18, 23, 24, 25, 26, 27, 28, 29] making comparisons
against the canonical particle swarm. The reported results
obtained using the canonical algorithm (on the most com-
mon functions) were analysed.

In order to not single out specific papers the median me,
mean Z, standard deviation s, and range for the reported
results are tabulated in Table 1. The number of papers N
making use of a given function is also shown.

Performing this kind of analysis is somewhat dangerous
since all the configurations are not identical. However, the
results clearly show that something is wrong. Consider the
factors that might cause a given configuration to perform
poorly.

Firstly, the dimension of the functions are not the same
across all the papers. However, this is unlikely to be a sig-
nificant contributor to the large variance in the results be-
cause at least one of the highest dimension configurations
was able to perform well in each case. That is, the average
error for at least one of the high dimension configurations
falls below the median of all the others for a given function.
Similarly, for the search domain of a function, at least one
of the widest domain configurations performs well for each
function.

Another factor is the configuration of the algorithm it-
self. In which case, the results are in conflict because of
poor parameter choices and the previously discussed prob-
lem is emphasised.

The only remaining possibility is that some researchers
are using broken implementations of the canonical particle
swarm.

As a case in point, results for the Quadric function in
Peer et al [18] are guaranteed to conflict with others. This
is due to a minor error (a single subscript was incorrect)
in the implementation of Quadric in CILib. The error was
picked up during unit testing performed after publication of
the paper. It would likely have remained undetected without
the independent testing of individual software components.

The point being, these kind of errors are easily made and
difficult to detect making it quite believable that broken im-
plementations may be responsible for conflicting results. In
any event, the results in Table 1 show that there is indeed a
problem somewhere.

Lastly, a very serious problem that is far too prevalent
is performing invalid statistical inferences to substantiate
claims. Statistical hypothesis testing is a very useful tool
for understanding data and as such should be utilised. The
danger is, however, that improper use of these statistics can
lead to a false sense of confidence.

Some researchers avoid hypothesis testing [24, 26, 27]
which is perfectly acceptable provided they do not make
strong claims that one algorithm is significantly superior to
another. Drawing any such conclusions from experimen-
tal results where only the average performance is presented



Table 1: Degree of conflict for each function

Function N | me X S [min, max]
Sphere 8 | 2.55e-4 1.289%2 3.601le2 [0, 1.02e3]
Rosenbrock 8 | 7.49el  1.375e6 3.889%e6 [4.07e-12,1.1e7]
Griewank 7 | 0.158 0.258 0.379 [1.184e-16, 1.042]
Rastrigin 7 | 7.22e1  2.178e2 4.105e2 [1.8e-5,1.143e3]

[23, 25, 28] is unacceptable.

The parametric tests presented in Section 2 can only be
used if samples are drawn from normal population distribu-
tions. Van den Bergh [33] has found that neural network
training and generalisation errors are typically not normally
distributed. Testing performed using OptiBench’s KS test
revealed that particle swarm optimisers also do not, in gen-
eral, produce normally distributed sample distributions. For
this reason parametric tests should be avoided unless it can
be shown that the samples are drawn from normal popula-
tions.

Yao et al [17] and Peer et al [18] have applied the Stu-
dent’s ¢-test without satisfactorily showing that the normal-
ity constraint is satisfied. Christensen et al [16] employ
a Monte Carlo simulation technique in an attempt to re-
duce the dependency on normality. The non-parametric
Wilcoxon rank sum test presented in Section 2 is a good
alternative.

Secrest and Lamont [29] incorrectly make use of the
Kruskal-Wallis (KW) test [20] to conclude that their new
algorithm is superior to the canonical particle swarm. The
KW test is an > 2 sample non-parametric statistic for test-
ing the null hypothesis Hy : 71 = m2 = ... = n,, against
an alternative hypothesis H; : at least one 5; differs from
the others. This test can only be used to conclude that the
medians are different - not that one is better than the other.

This section has raised many concerns regarding the
problems in Section 1 without offering any concrete solu-
tions. OptiBench, discussed in the next section, can poten-
tially alleviate a lot of these issues.

4 OptiBench overview

OptiBench is a tool for benchmarking optimisation algo-
rithms in a statistically sound manner. It is comprised of
two separate components. The first of these is a back-end
server supporting a database and the management console.
The second component (CILib) is a free library of algo-
rithms and problems. CILib can function independently of
the server or run as a node in a cluster of workstations per-
forming processing tasks for the server. Some of the key
features provided by OptiBench include:

e An extensible open source library of algorithms and
problems

e A centralised result repository
e Configuration and set-up of experiments

o Distributed processing

o Data analysis and statistical inferencing engine

What might potentially be perceived as a drawback of the
system is that CILib is implemented in the Java program-
ming language. This controversial decision was made very
early in development because of the benefits Java provides.
Most notably, it is entirely platform independent opening
CILib up to as wide an audience as possible. Secondly, the
introspective capabilities of the language were necessary to
build a truly extensible library. Every aspect of every algo-
rithm and problem in the library can be configured using a
single XML document.

The reason Java might be considered a drawback by
some is the common misconception that Java programs ex-
ecute more slowly than compiled C++. It should be noted
that the initial author of CILib also believed this but was pre-
pared to sacrifice up to 50% of the performance for the ben-
efits provided by Java. Surprisingly, with the right choice
of JVM (Java Virtual Machine) and careful tuning, the JVM
can execute code faster than the equivalent compiled C++
code. When tested against the C++ implementations of par-
ticle swarms used by Van den Bergh [33] the equivalent Java
CILib implementation was able to slightly outperform the
compiled C++ code. Obviously, this does not prove that
Java is faster than C++, nor is that the intent. However,
it does make a convincing argument that Java implementa-
tions of computational intelligence algorithms can indeed
be good enough.

The authors would like to extend this library (CILib) to
the entire community in the hopes that it will be useful. Ob-
viously this is not done for entirely altruistic reasons. Ray-
mond [34] explains the ecology of open source software and
how all involved parties can reap benefits from it. By pro-
viding the library under an open source license it is hoped
that the development of tools to perform effective research
will be accelerated. In addition, by using a common code
base the community could greatly reduce the incidence of
conflicting and incorrect results. Open source software is
arguably less buggy since more developers have the oppor-
tunity to inspect the code.

By having a shared centralised result repository conflict-
ing results within CIRG@UP are completely eliminated.
In addition, different researchers do not duplicate effort by
running identical experiments. A more subtle benefit is that
results for the latest algorithm developments will also be
readily available so that comparisons against outdated ver-
sions can also be eliminated.

The management console can be used to configure and
set-up experiments. These configurations are also stored
in the database so that all the parameters used for a given
experiment are recorded. In addition, OptiBench performs



versioning of configurations so that when configurations
are altered the results can automatically be recomputed.
Altering algorithm parameters is trivialised so that more
experimentation with different parameters is encouraged.
Hopefully this will alleviate the problem of poor parame-
ter choices somewhat. Configurations are stored in XML
fragments that are used to configure CILib objects using in-
trospection. This means that the moment code is added to
the library it can be managed and used by OptiBench.

One of the key design requirements of OptiBench was
that it be able to scale up to run on a cluster of worksta-
tions. This is to address the issue of insufficient testing of
problems raised in Section 3. Every time a new algorithm
is configured in OptiBench it is automatically scheduled to
run on the cluster for every known problem. This is an enor-
mous number of computations that need to take place.

The most powerful feature of OptiBench will be the data
analysis and inferencing engine. A lot of work still needs
to be done on this area of the system. Initially, OptiBench
will employ a method of ranking similar to that described
in Mendes et al [27]. Each algorithm is ranked on a given
problem set according to three criteria.

The first criterion is simply a ranking of the median per-
formance of each algorithm. The second is a ranking of the
number of function evaluations needed to reach a predeter-
mined error threshold. The third criterion is a ranking of the
number of individuals in a sample that reach this predeter-
mined error threshold.

An algorithm is only ranked above another if it performs
significantly better according to the Wilcoxon rank sum test
in Section 2. Otherwise, the algorithms are given the same
rank but listed in order of the magnitude of their medians.
In future, if it is determined that the two samples satisfy the
normal assumption then parametric tests about their means
will be employed instead. Initially only non-parametric
tests will be used.

5 Conclusion

This paper has critically analysed a small sample of recent
publications in the particle swarm paradigm. This analysis
illustrated the existence of a number of problems that the
research community needs to be aware of if any solutions
are to be found.

The framework employed internally by CIRG@UP was
proposed. This framework is called OptiBench. The open
source nature of the library on which OptiBench is based
provides solutions to many of the most important prob-
lems highlighted in Section 3. Other problems are averted
through standardisation of the statistical methods employed
by OptiBench.

OptiBench is potentially the first step towards unifying
the efforts and harmonising the results published in the com-
putational intelligence community.
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