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Abstract— Calibrating an evolutionary algorithm (EA) means in EA design and use polynomial models of a response
finding the right values of algorithm parameters for a given  curve to estimate confidence interval for parameter values.
problem. This issue is highly relevant, because it has a high Francois and Lavergne [10] estimate response curves for

impact (the performance of EAs does depend on appropriate EA ltivle test ¢ lizabilit
parameter values), and it occurs frequently (parameter vales S across multiple test cases 10 measure generalizability

must be set before all EA runs). This issue is also highly Regarding general issues of methodology, the paper of Eiben
challenging, because finding good parameter values is a diffilt  and Jelasity [5] and the book of Bartz-Beielstein (partly
télik- Ilnbthti's piperd we _;t))_ropose afgha:jgorit“m(;CRag\%%acph t;) inspired by this paper) [1] should be mentioned.
pration riom m . . .
can ((:j?aterr?wige gglodi)sacrame%e?valﬁesoir{ ;r?aitomated r’nanarl1er In this paper yve discuss the merits of a method, called
on any given problem instance. We validate this method by REVAC, that calibrates the parameters of an EA. For each
comparing it with the conventional hand-based calibrationand  parameter, the method produces a distribution over the pa-
another algorithmic approach based on the classical meta-&  rameter’s range that gives high probability to values legdi
o anees i o e o s ow it (0 900d EA performance. In this scheme, & disbution
GAs calibrated with REVAC can outperform thoseycalibrated with a narrow peak "_"dlcates a highly relevant parameter
by hand and by the meta-GA. (whose values largely influence EA performance and must be
selected carefully from a small range of good values), while
. INTRODUCTION a broad plateau belongs to a moderately relevant parameter
Calibrating an evolutionary algorithm (EA) means findingwhose values do not matter too much). In this study we
the right values of algorithm parameters for a given problerapply REVAC to a genetic algorithm (GA) and seek answers
[7], [9]. This issue is highly relevant for two reasons. Eirs to the following research questions:
because it has a high impact. The performance of EAs does
depend on appropriate parameter values that depend on thé
given problem instance. Second, because it occurs frelguent
Before any run of any EA on any problem instance the
parameter values must be set and the values must suit the
instance at hand, cf. the previous point. This issue is also®
highly challenging, because finding good parameter values
is a difficult task. This difficulty comes from the complexity
of an evolutionary process in general, and the yet unknown Quite naturally, the goodness of parameter values is
effect of EA parameters on this process, in particular. Tmeasured by the performance of the GA using those pa-
make things worse, parameters interact with each other. F@meter values. The methodology we use is experimen-
instance, the appropriate level of selection pressure,(e.tpl, our answers to the research questions are based on
tournament size) can depend on the intensity of mutatidtsy comparing the performance of genetic algorithms cali-
(e.g., mutation rate,,, or mutation step-size). brated by hand, by a meta-GA, and by REVAC. For the
In contemporary practice, EA parameters are set by corsake of reproducibility the problem generator used and
mon “wisdom”, e.g., mutation size should be 1 divided byall source code discussed in this paper can be found on
the chromosome length, or by statistical hypothesis tgstinhttp://www.few.vu.nl~wadlandg/pcma.
e.g., parameter sweeps comparing EA performance for aThe rest of the paper is organized as follows. In the follow-
number of different setups. This is typically a laboriousing section we discuss existing approaches to calibratihg E
ad hoc procedure involving much handwork and heuristigarameters, including meta-GAs. In Section Il we describe
choices. So far, no procedure has yet been established ttig§ REVAC method. Thereafter, in Section IV, we present
can do this systematically, exploring the full combinadbri the experimental setup including details of
range of possible parameter settings. Another problem is
that studies on design aspects like confidence intervals for .
good parameter values and a sensitivity analysis for pa-* the GA.S to.be calibrated (by a method), and
rameter robustness are scarce. Related work includes meta® the calibration methods themselves.
GAs after Grefenstette as an early attempt to automate GFhe experimental results are shown and discussed in Section
calibration [12]. Czarret al. [4] discuss current problems V, the conclusions are summarized in Section VI.

How good are the parameter values found by the RE-
VAC method? That is, in comparison with values found
by traditional alternatives, like hand-calibrated values
and values found by a meta-GA.

How robust are the parameter values found by the
REVAC method? That is, how do parameter values
found for problem X perform on problem Y?

« the problem instances to be solved (by a GA),



Il. CALIBRATION METHODS There have been numerous attempts to offer algorithmic

The name “parameter calibration” is in fact an umbrell§UPPOrt for parameter tuning. A recent example is [20],
term including various ways of obtaining and using value¥/neéré a framework has been constructed for parameter
for EA parameters. For a clear positioning of the REVACSWEEPING across the search space using acluste_r of machines
method, we briefly review the main categories as offered iRarameter sweeps, although useful for automating a process

(71, [9]. that is still done manually very often, can cover only a small
The first distinction to make is whether the chosen pagortion of the entire search space due to the granularity and

rameter values values are fixed during an EA run, or subjelte need to artificially tone down the amount of parameters
to changes on-the-fly. The nanparameter tuning stands ©Ver which the framework sweeps.

for the first case. Here, the values are determined beforeThe irony of the problem of GA parameter calibration is
the “real” EA run — typically requiring many runs with that it belongs to the class of problems that can be handled
the same EA under different settings. Calibrating pararsetevery well by a GA: there is a vast search space with a high
with possible runtime changes is callpdrameter control ~ degree of complexity, interaction among the variables and

that is further divided into three sub-categories: many local optima. Using a GA for calibrating the parameters
. Deterministic parameter control This takes place Of @ GA was first done by Mercer and Sampson in 1978.

when the value of a parameter is altered by some detdf. their research they used a GA for determining the best
ministic rule. This rule modifies the parameter values ifff0SSOVer and mutation operator probabilities. Theiraese

a fixed, predetermined (i.e., user-specified) way witho(@S however limited due to the large computation costs at
using any feedback from the search. Usually, a timghat time and based on a single run with a limited search

varying schedule is used, e.g., the rule is applied aft&Pace A more elaborate experimentation was conducted by
every period ofN generations. Grefenstette [12] and his approach has since been dubbed

. Adaptive parameter control This takes place when “Meta _Genetic Algo_rithm”, or meta-GA. The main difference
there is some form of feedback from the search th&¥ith his approach is that the second GA, the “lower-level”
provides inputs to a mechanism used to determine tﬁ)égorithm of which the parameters ar_e bging calibratedsdoe
new parameter values. This input may involve credifot have to be changed for the application of a meta-GA.
assignment, i.e., the goodness of a parameter valueThe search space for Grefenstette’'s meta genetic algo-
based on the quality of solutions discovered by using ifithm consisted o2'® parameter combinations. The results
or statistical data on the development of the populatiogonsisted of an optimization of 3% using slightly better
e.g., population diversity, or fitness improvement oveparameters than previously known. However, o2@ymeta-

a given period. The important point to note is that th&@enerations were evolved and ord900lower-level evalua-
updating mechanism used to control parameter valué@ns were performed. Nowadays this could be completed in
is externally supplied, rather than being part of th& matter of minutes. It is therefore our opinion that the use
“standard” evolutionary cycle. of meta genetic algorithms is worthy for reconsideration.

« Self-adaptive parameter controlIn this case the pa- Research however didn't stop after these first steps. In the
rameters to be adapted are encoded into the chromearly nineties a number of studies were conducted on meta-
somes and undergo mutation and recombination. ThH@As. Shahookar and Mazumder used a meta-GA approach
better values of these encoded parameters lead to beftef22] for solving a cell placement problem for industrial
individuals, which in turn are more likely to survive circuits, which resulted in a decrease of 20 to 50 times in the
and produce offspring and hence propagate these bettermber of configurations which had to be evaluated. Lee and
parameter values. This is an important distinction beFakagi [15] used a meta-GA similar to that of Grefenstette in
tween adaptive and self-adaptive schemes: in the lattstudying the effects of a dynamic adaptive population size,
the mechanisms for the credit assignment and updatimgossover and mutation rates on the De Jong [13] set of test
of different strategy parameters are entirely implic&,,i. problems. Their results confirmed recent theoretical tesul
they are the selection and variation operators of then optimal mutation rates [11].
evolutionary cycle itself. More recent research on meta-GAs has been infrequent

Traditionally, much attention has been devoted to tuningnd results have been varying at best. In [2] the conclusion

EA parameters. In particular, the rates for crossover anlas that although meta-GA are able to produce reasonable
mutation have been studied extensively, although there goarameters for various problems, these parameters are far
indications that manipulating parameters regarding thecse from optimal. The meta-GA approach waslack of all

tion mechanism(s) and the population can be more rewardingades, master of none”’Other researchers however have
see [6] for a review. It has been repeatedly noted th&bund more positive results for this type of black-box op-
parameter control is preferable over “simple” tuning, dut itimization. In [3], a meta-GA was used for time-series fore-
is safe to say that the large majority of EA practitionerssusecasting. The results, when compared to existing technjques
EAs where the values of the EA parameters do not changbowed an all-around improvement on existing forecasting
during a run. Putting it differently, the large majority oAE packages and similar results to an algorithm specifically
practitioners is in need of a good tuning method. designed for the domain. The researchers remarked that



the strengths of the meta-GA approach is clearly seen fér. The “Grefenstette” meta-GA

problems with a complex non-linear behavior. The classic meta genetic algorithm works by optimizing

In a recent study [21], Samsonovich and De Jong took parameter-values. Like a normal genetic algorithm, these
numerical approach to the “free lunch” that meta algorithmgalues are encoded using a binary representation. We will
and meta-GAs seemed to offer. They attempted to calibrabse Gray encoding for this in our experiments in order to
GAs on three problems (2D optimization, the eight puzzleninimize the distance between mutations.
and binary dendritic tree reconstruction) and concluded th For every set of parameter-values the meta genetic al-
meta-evolution “may improve the performance of an evolugorithm sees a single individual. In order to evaluate the
tionary algorithm, if the fitness is appropriately defined afitness of this individual the lower-level genetic algonith
the meta-level(s)”. They also remarked that the searchespae executed with the set parameter-values that belong to the
that the meta algorithms look at must be chosen carefullindividual. The value the lower-level algorithm returnsosh
and that more levels of evolution could be useful, as long aften the highest fitness reached) is the fithess with whieh th
fitness improved. meta genetic algorithm will determine if the individual Wil

A different use of a meta-GA is to use it for dynamicbe selected for the next generation and/or the possikilife

fitness landscapes; ie. problems that change over time6n [2€ individual to reproduce. _ _ _
Stanhope and Daida used a similar meta-GA as Grefenstette//Nen being selected for the following generation, there is
for determining the mutation and crossover rates for g chance that the individual will undergo either mutation or
dynamic fitness function. When the required mutation angfOSSover. These two operators respectively either flip & bi
crossover rates were found the fitness remained constalf}¢ Pinary representation of a parameter value or combines
They do note that it would have been possible to use seffl® bit-string with that of a different individual in ordeo t
adaptation (as discussed above) instead, but they regarcﬂ’éaduce two new chlld-lndlwduals with each containingfhal
self-adaptation as not fitting for their particular expesiy  Of the values of their parents.

as they were trying to achieve a baseline and insights fg[; RE|LEVANCE ESTIMATION AND VALUE CALIBRATION
future research. (REVAC)

There has been healthy criticism regarding the use of meta-The REVAC method is for tuning the parameters of
algorithms for finding parameters. For instance, in [1]: an evolutionary algorithm. That is, REVAC method is to
establish good values that will be used without changing
them during a run of the EA. REVAC method is based
on information theory to measure parameter relevance. In-
stead of estimating the performance of an EA for different
parameter values or ranges of values the method estimates
the expected performance when parameter values are chosen
from a probability density distributiod with maximized
Shannon entropy. This maximized Shannon entropy is a
measure of parameter relevance. In information theotetica
The first argument can be refuted in a number of Wayg_erms we measure how much information is needed to reach

First, the parameters used for the meta-algorithm candyirea@ Certain level of performance, and how this information

be determined to function perfectly well; the parameteas th 'S dlstr_|but_ed over the different parameters. In these germ

are to be calibrated can be of a completely different ordei?€ objectives of the REVAC method can be formulated as

Second, there is nothing that stands in the way of a metfpllows:

algorithm calibrating itself. This has been our approach in « the entropy of the distributiod is as high as possible

[18]. for a given performance

« the expected performance of the EA in question is as
high as possible

Meta-algorithms for evolutionary algorithms have
been proposed by many authors. But this approach
does not solve the original problem completely,
because it requires the determination of a param-
eter setting of the meta-algorithm. Additionally,
we argue that the experimenter’'s skill plays an
important role in this analysis. It cannot be replaced
by automatic rules.

The second argument is a more vague one. The back-
ground of the argument lies in the opinion that insight
into the behavior of an algorithm is more important than Technically, the REVAC method is an Estimation of Distri-
finding only (near-)optimal parameters. We would like tdoution Algorithm (EDA) [19] that is specifically designed to
note that the approach taken in [1] is a valuable one and itseasure maximized entropy in the continuous domain. Given
methodology based on DOE is a very useful tool. Howevean EA with & (strategy) parameters the REVAC method
even though less insight might be obtained through metéeratively refines a joint distributiorC(Z) over possible
algorithms, this does not mean that meta-algorithms woulshrameter vectorss = {z!,...,zF}. Beginning with a
provide lesser results. The benefit of automatic parameteniform distributionC® over the initial parameter spack,
calibration is of a very different nature, namely to save ththe REVAC method gives a higher and higher probability
researcher from performing tedious manual testing. In mang regions of X that increase the expected performance of
occasions the researcher is perfectly content with havirige associated EA. This is to increases the EA performance.
parameters that provide near-optimal results. On the other hand, the REVAC method maximizes entropy



by smoothingthe distributionC. For a good understanding population are selected to become the parents of the new
of how REVAC works it is helpful to distinguish two views child vector, which always replaces the oldest vector in the
on a set of parameter vectors as shown in Table I. Takingmpulation. Only one vector is replaced in every generation
horizontalview on the table, a row is a parameter vector anecombination is performed by a multi-parent crossover
we can see the table asof such vectorsy = {z3,...,27,,}. operator, uniform scanning, that creates one child from
Taking thevertical view on the columns, column shows n parents, cf. [9]. The mutation operator—applied to the
m values for parametei from its domain. These values offspring created by recombination—is rather complicated
naturally definé a marginal density functio®(x) over the it works independently on each parametein two steps.
domain of parametef, hence we can see thiecolumns of First, a mutation interval is calculated, then a random ealu
the table ag marginal density function& = {D',...,D*}. is chosen from this interval. To define the mutation interval
for mutating a given:’ all other valuesri, ..., i, for this
parameter in the selected parents are also taken into a@ccoun

= {le g fkk} After sorting them in increasing order, the begin point @ th
_ ! ! ! interval can be specified as titeth lower neighbor ofz?,
: : _ while the end point of the interval is theth upper neighbor
& | =5 0w e af) of zi. The new value is drawn from this interval with a
: , uniform distribution.
x| {zk, - &b, - 2k} From thevertical perspectivave consider each iteration
TABLE | as constructingk new marginal density functions from
A TABLE X OF m VECTORS OFk PARAMETERS the old setX; = {D},... ,Df}- Roughly speaking, new

distributions are built on estimates of the response sarfac
that were sampled with previous density functions, each
. ! . . .__iteration giving a higher probability to regions of the respe
R_o_u_ghly speaking, REVAC works by |terat|ve_|y IMProviNg g, face with higher response levels. Each density funstion
an _|n|t|al table Xo th?t was drawn from the umfo_rm distri- s constructed from uniform distributions over overlapping
bution overd’. Creating a new tablé(;; from a givenX: iniaryais. in this context, the rationale behind the coogitd
can be o_lescrlbed from _bOth the horlzo_ntal and 'Fhe V_ert'c?:(utation operator is that it heavily smoothes the densitgfu
perspec.tlve. From thikorizontal perspectivave can identify tions. Like all evolutionary algorithms, REVAC is suscéxpéi
two basic ste.ps: ) for converging on a local maximum. By consistently smooth-
1) Evaluating parameter vectors: Given a parameter jng the distribution functions we force it to converge on a
vector 7 we can evaluate it: the utility of is the  maximum that lies on a broad hill, yielding robust solutions
performance of the EA executed with these parametgfith broad confidence intervals. But smoothing does more:
values. _ it allows REVAC to operate under very noise conditions, it
2) Generating parameter vectors:Given a set of param- gjjows REVAC to readjust and relax marginal distributions
eter vectors with known utility we can generate NneWyhen parameters are interactive and the response surface
ones that have higher expected utility. has curved ridges, and it maximizes the entropy of the

Step 1 is straightforward, let us only note that we calfonstructed distribution. Smoothing is achieved by taking
the performance that an EA achieves on a problem usipt the nearest neighbor but theth neighbors ofr}; when
parameterg’ the responseResponse is thus a function =  defining the mutation interval Choosing a good value for
f(%); the surface of this function is called@sponse surface h is an important aspect when using the REVAC method.
As for step 2, we use a method that is evolutionary itselfA large h value can slow down convergence to the point of
(but should not be confused with the EA we are calibratinggtagnation. A smalk value can produce unreliable results.
We work with a population ofn parameter vectors. A new We preferh = n/10.
population is created by selecting < m parent vectors Because the REVAC method is implemented as a sequence
from the current population, recombining and mutating thef distributions with slowly decreasing Shannon entropy,
selected parents to obtain a child vector, replacing onvecwe can use the Shannon entropy of these distributions to
of the population. estimate the minimum amount of information needed to

We use a deterministic choice for parent selection agach a target performance level. We can also measure how
well as for survivor selection. The best vectors of the this information is distributed over the parameters, rasyl

1 - ) . in a straightforward measure for parameter relevance. This

Scaled to the unit interval0, 1] we define the density over the m+1 . . .
intervals between any two neighbors (including limis), =, as D(z) —  Mmeasure can be use_d in several ways. First, it can be used
‘ ;v:j;:‘ with [ D(z) = 1 and differential entropy to choose between different operators [17]. An operatdr tha

needs little information to be tuned is more fault tolerant i

1
H(D) = _/ D(x) log D(x)
0 2At the edges of the parameter ranges are no neighbors. We 8us/
with H(D) = 0 for the uniform distribution ovef0, 1]. The sharper the problem by mirroring neighbors and chosen values at thedjnsimilar to
peaks, the lower the entropy. what is done in Fourier transformations.



the implementation, easier to calibrate and robuster agairB. Workings of REVAC

changes to the problem definition. Second, it can be usedgpas work through the use of probability functions, and
to identify the critical pa.rts of an EA. 'For this we palculatqn such are grounded on existing information theory for
relevance as the normalized entropy, i.e., the fractiomtafl t optimization. By estimating the model complexity using the
information invested in the particular parameter. When &n Egpannon entropy from the distribution of the results, REVAC
needs to be adapted from one problem to another, relevafyys and discards the less-relevant parameters of the model
parameters need the most attention. With this knowledgger the remaining parameters an EDA search algorithm was
the practitioner can concentrate on the critical compaenjseq for calibrating the parameters (where a model is a list
straight away. Third, it can be used to define confidencgs parameters for the simulation).
intervals for parameter choices. Given a distribution that The main difference between the Relevance Estimation
peaks out in a region of high probability (except for theyng value Calibration method used in [17] and a traditional
early stage of the algorithms the marginal distributiongeha genetic algorithm is thus the lack of separate crossover
only one peak), we give the 25and the 78" percentile of a4 mutation (in [17] termed as imitation and innovation).
the distribution as a confidence interval for the paramet§fsiead of these two operators, the new parameters are
That is, every value from this range leads to a high expectegd|ected by first selecting an individual randomly from the
performance, under the condition that the other paramet&i§yylation. From this individual the two closest neighbors
are also chosen from their respective confidence interval. ;e determined. The new parameter-value becomes a value
In [17] a similar approach to a meta-GA is used in calibrathetween the parameter of both of these neighbors. This is
ing the parameters for energy-policy multi-agent simolagi  done for every parameter, thus the end result is that REVAC
In [18] this approach to calibrate the parameters is furthgfombinesz parents and mutates the result. As such, this
developed and tested on a number of abstract and regerator is similar in nature to a combination of multi-pare
benchmark problems. crossover and mutation; each offspring has a differentrpare
The method for relevance estimation and value calibratidier each parameter. The REVAC-method solely uses this
uses search methods based on information theory for ojwstead of the traditional crossover and mutation opesator
timization. By estimating the model complexity using then genetic algorithms, however the question remains if such
Shannon entropy from the distribution of the results, than approach for parameter calibration is more successdul th
less-relevant parameters of the model are discarded. Eor gtnmeta-GA (or other methods) in finding effective parameters
remaining parameters a search algorithm similar to a mettor a GA.
GA is used for calibrating the parameters (where a model is The REVAC method only has a few parameters with which
a list of parameters for the simulation). it can be tuned, namely: the size of the initial populatide, t
number of entities to replace at each round and the amount
of smoothing. The smoothing parameter is the distance of the
A. Estimation of Distribution Algorithms two neighbors. A smoothing of 1 means that the two nearest
neighbors on both side are chosen, while a smoothing of 4
The REVAC method is a type of Estimation of Distributionmeans that two neighbors are chosen that have 3 intermediary
Algorithm (or EDA). EDAs are a relatively new searchentities.
algorithms that maintain a population of possible solwion
and as such are similar to evolutionary algorithms, however IV. EXPERIMENTAL SETUP
the population is used to “estimate a probability distiibat ~ To describe the experimental setup it is helpful to dis-
over the search space that reflects what are consideigtuish three different layers, as shown in Figure 1. The
to be important characteristics of the population” [27]. Aproblem layer contains the particular fitness landscapes or
new population is generated by sampling this distributiorgroblem instances that have to be solved by a GA. The
which replaces traditional crossover and mutation in genetelementary objects in this layer are bit-strings that form
algorithms. the search space for the GA. In turn, the algorithm layer

EDAs can be seen in the light of the principle of maximunfISO contains a search space. Assigning values to all GA
entropy. Without losing what is known, the algorithm byParameters we obtain a parameter vector that specifies a
this principle should maximize the information entropyeTh 9iven GA instance. The set of all parameter vectors is the

population of an EDA is adjusted in order to learn as mucf€arch space for the methods on the design %yer._ .
as possible about the fitness landscape. The basic approach to our experimental validation is to

monitor three GA performance measures for each run of a
agiven GA on all problem instances and use these results to

vestigated, namely the lack of diversity over time. Like . .
conventional evolutionary algorithm without mutation, &9 assess the quall.ty of the method that de"Vefed the paramete
ector for the given GA. GA performance is measured by

are prone to stagnation; they will then not be able to fin . . i
any better solution, even if it exists. The amount of divgrsi ﬁw mean best fitness (MBF), being the fitness of the best

within the population appears to be a major problem for 3Obviously, the methods on the design layer also have paeaspdbut
EDAs. we do not iterate this hierarchy any further.

In [23] one of the main problems with EDAs is in-



TABLE IV

Fig. 1. Hierarchy of Experiments
PARAMETERS OFSIMPLE GA TO BE CALIBRATED

Design Layer

Parameter Benchmark value
Meta Genetic Algorithm REVAC Crossover rate 0.5
Mutation rate 0.01
Population size 100
Algorithm Layer Tournament size 2

Genetic Algorithm

There are to more important factors to complete the defi-
nition of the calibration problem: the range of the paramsete
and the granularity of their range we use in the search space.
For both the crossover and mutation rate we assume a range
of 0.0 to 1.0 and a 16-bit granularity. For the population
and tournament size we assume a range of 2 to 1025 and a
10-bit granularity. When the tournament size is larger than
individual at termination, averaged over a given number ahe population size, the algorithm is defined as having a
runs. tournament size that is equal to the population size.

Problem Layer

Multimodal Landscapes

A. Problem Layer C. Design Layer

We have created instances with the Spears multi-modalFor our design layer we use the two meta-algorithms
problem generator [14], [24] as the problem instances to laescribed earlier: the meta genetic algorithm and REVAC.
solved. Although we share some of the criticism concerninghe attributes and parameters of the meta genetic algorithm
this generator, cf. [16], we have chosen to use it becaufE?] can be found in Table V, the details for REVAC [17],
it allows for a systematic study on a number of landscapg$8] are shown in Table VI.
with various levels of multi-modality. Furthermore, we lkeav
experimental data available on the performance of a simple
GA on such landscapes, where parameter values have been

TABLE V
PARAMETERS OF THE META GENETIC ALGORITHM

established through traditional tuning [8]. This makessthe Eftness measure MBE of SGA
results suitable as benchmark in our comparative assessmen 20pulati0n model Gegerational
rossover ne-point
of REVAC. . . Crossover rate 0.5
For the details of the problem instance generator we refer Mutation Bit-flip
to [25]. Our specific set of landscapes is generated for L/Iutatlion rate O.ggé
_ i i ; opulation size
n = 100 bits, and 10 different number _of_peaks as shown in Parent selection | Fitness-proportional
Table II. All landscapes are to be maximized, and the height Survival selection Generational
of the global maximum is 1.0. Termination 3000 evaluations|

TABLE Il

PARAMETERS USED FOR GENERATING THE PROBLEM INSTANCES TABLE VI

PARAMETERS OF THEREVAC ALGORITHM

Number of bits 100

Number of peaks| 1, 2, 5, 10, 25, 50, 100, 250, 500, 1000 Fithess measurd MBFE of SGA
Pool size 100
Best size 50
i Smoothing 5
B. Algorithm Layer Termination 3000 evaluations

We deliberately selected an algorithm used in earlier publi
cations in order to make the results comparable. In padicul | ot ys note that the 3000 evaluations for the meta-
we use a Simple Genetic Algorithm as a benchmark aftefigorithms, the meta-GA and REVAC, mean 3000 runs of
[8]. The attributes of the genetic algorithm are shown ifhe Simple GA (on one given problem instance). After these
Table Ill, the parameters to be calibrated, together wittirth runs, the meta-algorithms put forward the best parameter
benchmark values can be found in Table IV. vector found for that particular problem instance.

TABLE Il
ATTRIBUTES OFSIMPLE GA

V. EXPERIMENTAL RESULTS

The experiments have been performed on 4 4-CPU AMD
Opteron machines over the course of two weeks. Calibration-
runs on landscapes with a low number of peaks were
typically completed within a few hours. After the meta-
algorithm had calibrated the parameters, the best parasnete
from the last meta-generation were obtained. In the case of a

Population model| Steady-state
Crossover Uniform

Mutation Bit-flip

Parent selection | Tournament selection
Survival selection| Delete-worst
Termination Fitness of 1.0 or 10000 evaluations




TABLE IX

tie, the parameter-vector that occurred the most was select
GA RESULTS(MBF) USING DIFFERENT TUNING METHODS

This was done for every problem instance for both meta-

algorithms. Peaks| hand-tuned meta-GA  REVAQ
First we show the parameter values “optimized” by the 1 1.0 1.0 10
meta-algorithms. Those obtained by the meta-GA can be E 1'8 oég% 11'%
found in Table VII, the ones found by REVAC are given 10 0.9961 0.993 0.994
in Table VIII. 25 0.9885 0.994 0.991
50 0.9876 0.994 0.995
TABLE VII 100 0.9853 0.983 0.989
250 0.9847 0.992 0.966
SIMPLE GA PARAMETERS AFTER METAGA CALIBRATION 500 0.9865 0989 0974
Cr. Rate Mut. Rate Pop. Size  Tour. Size 1000 0.9891 0.987 0.98
1 0.226 0.0114 830 354
2 0.175 0.0151 333 333
1% 8'?23 8'8322 12% 13% running the GA on landscape X with parameters found for
25 0.104 0.00107 871 704 landscape Y. The mean error in permille of these results are
50 0.310 0.00371 685 162 shown in Table X and Table XI.
100 0.149 0.0223 255 254 . -
250 0536  0.000549 620 574 Besides the per-landscape optimized parameters, we also
500 0.489 0.00485 402 407 take the averages of the parameters from Table VII and
1000 0.749 0.0279 480 48( Table VIII. These were then used to obtain the mean error
against all landscapes, comparable with the method above.
The results for the meta-GA averaged parameters were
TABLE VIII

poor. However the results for the REVAC averaged parame-

IMPLE GA PARAMETERS AFTERREVAC CALIBRATION . . . .
S G c ters show a more interesting picture, as can be seen in Table

Cr. Rate Mut. Rate  Pop. Size  Tour. Size XIl. The average mean error of the hand-tuned and meta-
1 0.349  0.000840 147 147 GA-calibrated parameters are comparable (85.0 and 88.9
g 8'2‘2)3 o%ggé% 1?)? zgi respectively), yet the average mean error of the REVAC-
10 0.495 0.00515 83 83 calibrated parameters and the average of those parameters
25 0.294 0.00796 758 38( score slightly better (73.3 and 63.0). Even so, these re-
501 0554 0.00347 514 100 sults were also inconclusive in their statistical significe.
100 | 0419  0.00221 723 723 ults w : usivel : IStical sig
250 0.517 0.00739 634 634 However, both Table X and Table XI contain results from
500 0.457 0.00949 578 57¢ various well-performing parameter vectors (1 and 50, 1 and
1000 0.533 0.00498 679 674 ; P
25 respectively) that do show a significantly lower error

compared to the hand-tuned results.

Comparing these values with the values “optimized” by
hand, cf. Table IV, it is remarkable that population sized an TABLE X
the tournament Sizes recommended by the meta_a|gorithnwEAN ERROR WHEN USING THE METAGA CALIBRATED PARAMETERS.
are Consistenﬂy and Significant|y |arger that the (rathe HE ROW SHOWS THE LANDSCAPE FOR WHICH THE PARAMETERS WERE
ConventionaD 100 used in the benchmark GA. It is a|So“OPTIM|ZED",THE COLUMN SHOWS THE LANDSCAPE ON WHICH THE
noteworthy that both meta-algorithms recommend extreme PARAMETERS ARE CROSSTESTED.
high levels of selection pressure (tournament sizes dqggall

i X X - ) ; 1 2 5 10 25 50 100 250 500 100p >
population sizes). It is quite obvious that human designers—T T 5 0 0 0 6 0 1 14 14 1o 47
would not likely come up with such a GA. This showson¢ 2| 0 0 0 0 0 20 23 19 9 2l 73

; . : e 5|23 20 0 34 13 13 41 42 37 42 265

advantage.of the meta algorl_thms. they are |nser)§|t|ve o 31 % 5 o o 30 20 25 5 12 4 100
common wisdom and conventions among EC practitioners. 25| 0 0o o o0 6 17 11 14 6 13 67
. ) . 50, 0 0 0O 0 0 O 6 15 3 18| 42

To establish whether these unconventional settings dreizopo| o o o o 0 3 15 26 8 3l 55
good or not each of these parameter-vectors have beger250| 0 0 0 0 13 3 5 30 14 30 95
; ; 450 0 0 0O 0 13 13 8 10 7 19 61

tested by 25 independent runs of the GA using the give Noool 0 o o 18 o 20 15 5 8 18 a4
values. The benchmark results, as found in [8], together—s= 389

with those for the meta-algorithms are shown in Table |
From these results we calculated the statistical signifiean
using ANOVA, however the results from these runs weren'’t VI. CONCLUSIONS AND FURTHER WORK

provably significant. Comparative experiments on a set of randomly generated

To get a better picture we also make a comparison basptbblem instances with various levels of multi-modalitpgh
on robustness. This is based on the mean error on a givéltat GAs calibrated with REVAC and meta-GA perform
landscape, which is defined as 1.0 minus the MBF. Toomparable or better, compared to those calibrated by hand.
measure robustness we cross-test the parameter vectors,The differences, analyzed using ANOVA, are found to be



TABLE XI
MEAN ERROR WHEN USING THEREVAC CALIBRATED PARAMETERS.
THE ROW SHOWS THE LANDSCAPE FOR WHICH THE PARAMETERS WERE
“OPTIMIZED", THE COLUMN SHOWS THE LANDSCAPE ON WHICH THE
PARAMETERS ARE CROSSTESTED.

(8]

El

1 2 5 10 25 50 100 250 500 100D 3 Jq
I[0 0 0 0 10 10 2 10 6 q 47|
2/0 0 0 0 15 17 15 12 3 11 73
5(0 0 0 0 26 17 10 12 29 29 123 [q]
10{0 0o 0o 0o 0 5 2 11 7 5 54
25/0 0 0 0 10 2 6 6 12 4 40
50/0 0 0 0 0O 25 10 9 7 5 56 [12]

100/0 0 0 0 5 7 20 14 20 8 74
250/0 0 0 0 10 15 25 13 10 13 85 13
500(0 0 0 13 5 25 20 8 1 32 104
1000/ 0 0 0 0 0 12 6 4 25 30 77 g
) 733
TABLE XIl
MEAN ERROR WHEN USING THE AVERAGEDREVAC CALIBRATED [15]
PARAMETERS
T 2 5 10 25 50 100 250 500 100p 3 | [16]
0 0 0 0 4 14 8 24 6 71 63 |

on average not significant enough, however certain paramnez
ter vectors do show a statistically significant improvement
REVAC found on average slightly better parameter vectors

than the meta-GA.

(28]

The robustness-analysis of REVAC, obtained by using
calibrated parameter vectors on other problem landscapes,
show that REVAC on average finds slightly better parameters)
compared to the meta-GA. It also shows that automatically

calibrating algorithms, even those with hand-tuned para ’0] M. E. Samples, J. M. Daida, M. Byom, and M. PizzimentirdPaeter

eters known for years, can provide both new insights and

more optimal settings.

In further work we will look at using other problem

landscapes and algorithms upon which we apply paramefer;

calibration, optimizing the optimizers.
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