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Abstract. Many formsof parsimory pressur@areparametricthatis nal tness
is a parametrianodelof theactualsizeandraw tness values.The problemwith
parametridechniquess thatthey arehardto tuneto preventsizefrom dominat-
ing tness latein the evolutionaryrun, or to compensatéor problem-dependent
nonlinearitiesn theraw tnessfunction.In this papemwe brie y discussxisting
bloat-controltechniquesthenintroducetwo new kinds of non-parametrigar
simory pressureDirect and ProportionalTournamentAs their namessuggest,
thesetechniquesare basedon simple modi cations of tournamentselectionto
considerboth sizeand tness, but not togetherasa combinedparametricequa-
tion. We compareahetechniquesgainstandin combinatiorwith, themostpopu-
lar geneticprogrammingploat-controltechniqueKoza-styledepthlimiting, and
shav that they are effective in limiting size while still maintaininggood best-
tness-of-runresults.

1 Intr oduction

Oneof theforemostchallengego scalinggeneticprogrammingGP)is bloat, theten-
deng for geneticprogrammingindividualsto grow in size as evolution progresses,
relatively independenbf ary justifying improvementsin tness. It is not uncommon
for the averagesize of an individual to grow over three ordersof magnitudein just
fty generationsThisis a seriousstumblingblock to geneticprogrammingasit slows
theevolutionarysearchprocessgconsumesnemory andcanhampereffective breeding.
Bloat producesa sort of Zeno's paradox,slowing successie generationdy so much
thatit placesacapon GP's usefulruntime.

Bloat is not a problemuniqueto geneticprogramming.lt occursin a wide vari-
ety of arbitrary-lengttrepresentationscludingneuralnetworks, nite stateautomata,
andrule sets.Indeed the earliestknown reportof bloating (andof approacheso deal
with it) involvesevolving Pitt-approactrule systemq1]. However, becausésP is the
mostpopulararbitrary-lengtirepresentatiotechniquethelion's shareof paperonthe
subjecthave beenin the GPliterature.

As discussedn [2], bloatingis a hotly debatedtopic in GP theory; andthereis
alsopresentlyno silver bullet to dealwith it. The genetigprogramminditeratureusesa
largenumberof differenttechniqueso counterbloat,eachwith its own advantagesnd
disadantagesBYy far the mostpopularsuchtechniqueis restrictingbreedingto only



producechildrenlessthan somemaximaltree depth.A distantsecondis parsimony
pressue, wherethe sizeof anindividualis afactorin its probability of beingselected.
In this paperwe examinetwo new approacheso parsimoly pressureand report
on their successn managingpopulationsize while retainingreasonablédest- thess-
of-run resultsas comparedto Koza-styletree depthlimitation. Thesetechniquesare
basedn modi cationsof thewell-studiedtournamenselectiormethod which picksN
randomindividualswith replacementthenselectghe ttest individual from thatpool.
We modify tournamenselectiornto considemparsimory aswell as tness, but retainthe
nonparametriéeaturesvhich make tournamenselectionpopular

2 PreviousBloat Control Techniques

Modi cation and Restriction Techniques. Themostcommonapproacho bloatcon-
trol, at leastin the GP literature,is maximaldepthrestriction[3]. Here,whena child
is createdby removing a subtreefrom a parentandreplacingit with anothersubtree
(asis donein subtreecross@er or subtreemutation),andthe child exceedsa maximal
depthlimit, thenthe child is rejectedanda copy of the original parenttakesits place
in the new generation.The standardmaximal depthlimit for tree-basedsPis 17. It
is also possible,but muchlesscommon,to placesize restrictionson the child rather
thandepthrestrictions Pseudo-hillclimbind4] is arecentrestrictionapproachwhena
child is generatedits tnessis immediatelyassessedt its tness is not superiorto its
parents tness, it is rejectedanda copy of its parenttakesits steadin the new gener
ation.Notethatthis approachs very similar to depthrestrictionin mechanismexcept
thatoddly it doesnot comparesizeat all, yet is reasonablysuccessfuht limiting tree
growth. This givessomeinsightinto why depthrestrictionandpseudo-hillclimbingare
successfulthey limit growth not only by cappingsize but by injecting large numbers
of parentsdirectly into later generationsAs parentsare generallysmallerthan their
children(hencethebloat),this hasa stuntingeffect, but at a costin diversity.

As GP parsetreesmay generallybe viewed as computerfunctions,one obvious
way to counterbloatis to performcodeeditingto optimizethosefunctions.Onepaper
[5] reportsstrongresultswith this approachbut thereis evidencethat editing may
leadto prematurecornvergence6]. Finally, a numberof papergfor example[7]) have
investigatedallowing GP parsetreesto adapt,on a component-by-compunt basis,
the probabilitythata givencomponentill be choserfor crosseer. This bloat-control
techniqudas known asexplicitly de nedintrons

Parsimony Pressue Parsimory pressurds the popularbloat-controltechniqueout-
sideof GP, andis gainingpopularitywithin GPaswell. Most suchparsimory pressure
computestness asa linearfunctionof anindividual'sraw tness andits size(for ex-
ample,[8]), thoughtherearesomenonlinearexamplesaswell [9]. Foramorecomplete
suney of linearandotherkinds of parametrigparsimory pressuresee[10].
Thetroublewith parametrigparsimoty pressuras thatit is parametric We mean
this in the statisticalsenseit considersthe actualvaluesof sizeand tness together
in a parametricstatisticalmodelfor selection:the experimentemuststipulate,in ef-
fect, that N units of sizeareworth M units of raw tness. Stipulatingthis functionis



problematiovhen tness is a nonlinearfunction of actual‘worth”, asis oftenthe case:
tness functionsaretypically ad-hoc.lt maywell bethata differencebetweer0.9 and
0.91in tnessis muchmoresigni cant thanadifferencebetweer0.7and0.9.Paramet-
ric parsimoly pressureanthusgive sizeanunwantedadvantageover tness whenthe
differencein tnessis only 0.01asopposedo 0.2. Thisis alsoa problembecausé¢he
relative signi cance of exactsizeand tness parameterghangesiuring the courseof

arun. For example size-parametedominancemay ariselatein evolution, whensubtle
differencesn tness becomeimportant.Notice that theseissuesare similar to those
which gave riseto the preferenceof tournamenselectionandothernonparametrice-
lectionproceduresver tness-proportionateselection.

Oneapproachio xing thisisto adapthesizeparameteastheevolutionaryrunpro-
gresse§ll], exceptthatsuchtechniquesnustusuallyrely onproblem-speci canalysis.
Anotherrecentapproachpareto parsimonypressue, esch&s parametrictechniques
and insteadtreatssize asa secondobjective in a pareto-optimizatiorscheme Pareto
optimizationis usedwhenthe evolutionary systemmustoptimizefor two or moreob-
jectivesat once,andit is not clearwhich objective is “more important”. An individual
A is saidto pareto-dominatenotherindividual B if A is asgoodasB in all objectves,
andbetterthanB in atleastoneobjective. Onepossibleuseof paretodominances to
stipulatethatanindividual's tness is thenumberof peerst dominatesUnfortunately
thetechniquehassofar hadmixedresultsin theliterature.Somepapergeportsmaller
treesandthe discovery of moreideal solutions[12,13], but tellingly they omit best-
tness-of-runresults. Anotherreportsthe meanbest- tness-of-runput it is worsethan
whennot usingthetechniqug14].

3 Two New Parsimony Pressue Techniques

The two new techniquesve proposehereare modi cations of the tournamentselec-
tion operator Thetechniquesaredoubletournamentwhereindividualsmustpasstwo
layers of tournamentgone by size,one by tness) to be selected;and proportional
tournamentwherethetournamensometimegicksby size,andsometimedy tness.

Double Tournament The doubletournamentalgorithm selectsan individual using
tournamentselection:however the tournamentcontestantsre not chosenat random
with replacementrom the population.Instead they were eachthe winnersof another
tournamenselection For example,imagineif the® nal” tournamenhasapool sizeof
7: thenseven“quali er” tournamentsre held asnormalin tournamenselection,and
thewinnersgo on to competen the“ nal” tournamentDoubletournamentasbeen
previously usedto selectfor both tness anddiversity[15]. We suggestt maybeused
for parsimoly pressureby having the “ nal” tournamentselectbasedon parsimoly
while the qualifying tournamentselectbasedn tness (or vice versa). Thealgorithm
hasthreeparametersa tness tournamensizeSy, aparsimoly tournamensizeS,, and
aswitch(do- tness- rst) whichindicateswhetherthequali ers selecton tness andthe
nal selectsonsize,or (if false)theotherway around.

Our initial experimentsrevealedthat even S, valuesassmall as 2 put too much
pressureon parsimoly, andthe tnessesof the resultingindividualswere statistically



signi cantly worsethanwith no parsimory pressuratall. In orderto rectify thismatter

we permitS, to holdrealvaluesbetweerl.0and2.0.1n thisvaluerange two individuals
participateto the tournamentwith probability Sy=2 the smallerindividual wins, else
thelargerindividual wins. Tiesarebrokenatrandom.ThusS, = 1is randomselection,
while S, = 2 is the sameasa plain parsimory-basedournamenselectionof size2.

Proportional Tournament This techniquels even simpler The proportionaltourna-
mentalgorithm selectsan individual usingtournamenselectionas usual,usingsome
x edtournamensizeS. However, aproportionof tournamentsvill selectbasedn par
simory ratherthanon tness.A x edparameteR de nesthe proportion,wherehigher
valuesof R imply moreof anemphasigowards tness: R= 1 impliesthatall tourna-
mentswill selectbasedon tness, while R= 0:5 impliesthattournamentswill select
on tness or sizewith equalprobability.

4 Experiments

Thebloat-controtechniquemostusedin theliteratureis Koza-styledepthlimiting, and
we, like mostof theliterature,compareour techniqueagainsit. In futurework, we will
alsocompareagainstlinear or paretoparsimoty pressureTo this end,we performed
two experiments.The rst experimentcompareddepthlimiting againstDouble and
Proportionatournamentsyhile theseconccompareglaindepthlimiting againstepth
limiting in combinatiorwith thetournamentsWe wishto emphasiz¢hatalthoughthese
techniquesarebeingusedfor GPin this paper they aregeneraltechniquesvhich are
representation-independent.

The experimentsusedpopulationsizesof 1000, with 50-generatiomuns.Theruns
did not stopwhenanidealindividual wasfound. Runswith plain depthlimiting used
plain tournamentelectionwith a tournamentsize of 7. We chosefour problemdo-
mains:Arti cial Ant, 11-bit BooleanMultiplexer, Symbolic Regression,and Even-5
Parity. We followed the Koza-standargarameterspeci ed in thesefour domainsas
setforthin [3], aswell asits breeding selectionandtreegeneratiorparametersArti -
cial Ant usedthe SantaFefood trail. SymbolicRegressiorusedno ephemeratandom
constantsTo comparaneandor statisticalsigni cance,we usedANOVAs with a 95%
con dence.The evolutionarycomputatiorsystemusedwasECJ7 [16].

Ourresultsaregraphedasfollows. For the Double Tournamentye setS; = 7 and
let Sy rangefrom 1.0 to 2.0 by incrementsof 0.1. We experimentedwith settingdo-
tness- r stto false(leftmostmethodsn the graphs)andto true (the next setof meth-
ods).For the ProportionalTournamentye setS= 7, andlet R rangefrom 1.0down to
0.5by decrement®sf 0.05.In all graphsJower tnesseswerebetter andthe rightmost
barrepresentplain depth-limitingalone.

4.1 First Experiment

The rst experimentcomparedplain depthlimiting againstDouble and Proportional
Tournamentysingthefour problemdomaindistedabove. Weran50runspertechnique
perproblemdomain,andplottedthe meanbest- tness-of-rurandthe averagetreesize
perrun. The tness resultsareshavn in Figure2, andthetreesizeresultsin Figurel.



Results. For mostproblems there existed non-extremesettingsfor both Double and
ProportionalTournamentsvhich maintainedtness with signi cantly smallertreesizes
thanplain depthlimiting, oftenby wide mamins.In the SymbolicRegressionrdomain,
Double and ProportionalTournamentsoth improved on plain depthlimiting in tree
sizeand tness, but never in a statisticallysigni cant mannerAs we notedin a previ-

ouspaper10], plain depthlimiting performsvery well in SymbolicRegressionOver-

all, Double Tournament;, valuesin the 1.4-1.6rangedid reasonablyvell. The sweet
spotfor ProportionalTournamentvasaroundR = 0:7, which alwaysperformednearly
identically to plain depthlimiting (other settingscould do muchbetterdependingon

theproblem).The particularsettingof do- tness- rstdid not have a signi cant effect.

4.2 SecondExperiment

Reasonablsettingsof DoubleandProportionalTournameneitherequalledor outper

formedplain depthlimiting, but not by aswide a maigin aswe would have hoped.We

wonderedhow well combiningeachof thesetwo methodswith depthlimiting would

performagainsjust plain depthlimiting alone.Iln our secondexperimentwe compared
the combinationsagainstdepthlimiting, onceagaindoing 50 runspertechniquethen

plottedthe best tness perrun andthe averagetreesizeperrun. The tnessresultsare
shavn in Figure4, andthetreesizeresultsareshavn in Figure3.

Results. This time judicioussettingsof S, or R dramaticallyoutperformedplain depth
limiting in all four domains.Overall, Double TournamentS, valuesin 1.2—-1.6had
equal tness to plain depthlimiting, while signi cantly outperformingit in treesize,
often halving the size. The sweetspotfor ProportionalTournamenivasagainaround
R= 0:7,whichalwayshalvedtreesizewhile maintainingstatisticallyequivalent tness.
Again, the particularsettingof do- tness- rstdid not have asigni cant effect.

5 Conclusionsand Futur e Work

Whenit comesto tness, plain depthlimiting is hardto beat.Thetechniquesliscussed
in this paperall had statisticallyequivalent best- tness-of-rurresultsas depthlimit-
ing, but not better However they were able to achieve theseresultswhile lowering
the tree size. Double Tournamentand ProportionalTournamenty themseles could
only lowertotaltreesizeslightly in comparisorto plain depthlimiting. However, when
combinedwith depthlimiting, they signi cantly outperformeddepthlimiting alone,
yielding treesizesat half the normalsizewhile maintainingan equivalentbest tness
of run. Giventheir simpleimplementatiorandgeneralpplicability, we think thatnon-
parametridcournament-basquarsimoly pressurés worth considerationn a GPsystem
in combinatiorwith depthlimiting. As futurework we hopeto examinethe applicabil-
ity of thesetechniquego non-GPervironmentsaswell, andin comparisorwith other
parsimoty pressurenethods.
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Fig. 1. Meantreesizesfor variousparsimony pressurenethodsascompareccomparedo plain
depthlimiting (labeledD). Distributionsare plottedwith boxplots.ProportionalTournamenis
labeledP, with the givenratio value R. Double Tournaments labeledT1 (do- tness- rst false)
or T2 (do- tness- rst true), with the given tournamentize S,. The meanof eachdistribution
is indicatedwith an . Lower valuesarebetter Techniquestatisticallysuperiorto plain depth
limiting aremarkedwith #; techniquestatisticallyinferior aremarked with "
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Fig. 2. Best tness of runfor variousparsimory pressurenethodsascompared¢omparedo plain
depthlimiting (labeledD). Distributionsare plottedwith boxplots.ProportionalTournamenis
labeledP, with the givenratio value R. Double Tournaments labeledT1 (do- tness- rst false)
or T2 (do- tness- rst true), with the given tournamentize S,. The meanof eachdistribution
is indicatedwith an . Lower valuesarebetter Techniquestatisticallysuperiorto plain depth
limiting aremarkedwith #; techniquestatisticallyinferior aremarked with "



Arti cial Ant
T 1 1.2 14 16 18 2T2: 1 1.2 14 1.6 1.8 2P 1 9 8 7 6 0.5 D

- Wl

Mean Tree Size of Run
—
S
==l
[T
R
;N
&
-
Be
— e e
T emes
e e
e .
—Ep—— .o
—E— .
-
o=
e
.
—

TL:1 12 14 16 18 2721 12 14 16 18 2P 1 9 8 7 6 05 D
Parsimony Pressure

Even-5Parity
T 1 12 14 16 18 2T2: 1 12 14 16 18 2P 1 9 8 7 6 0.5 D
e

400 +

s

Mean Tree Size of Run

TL1 12 14 16 18 2721 12 14 16 18 2P 1 9 8 7 6 05 D
Parsimony Pressure

11-Bit BooleanMultiplexer

T 1 12 14 16 18 2T2: 1 12 14 16 18 2P 1 9 8 7 6 0.5 D

250
: ]
2 200 [ * . T
é 150 . . o o
E 100 | %% é ] $% : .
' .
S 50 | % % . % % . $ é
, Thaa ITH b
TE1 12 14 16 1o 2121 12 14 16 1o 2m 1 6 5 7 6 05 D
Parsimony Pressure
SymbolicRegression
T 1 12 14 16 18 2T2: 1 12 14 16 18 2P 1 9 8 7 6 05 D
00 T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T3
80 | ° .
$ 40 é .
!; .
ézo— %$' $$- o %%%é'
ol @%é&; é%%él; %é

TL:1 12 14 16 18 2721 12 14 16 18 2P 1 9 8 7 6 05 D
Parsimony Pressure

Fig. 3. Meantreesizesfor variousparsimoly pressurenethodsn combinationwith depthlim-
iting, ascompareccomparedo plain depthlimiting alone(labeledD). Distributionsareplotted
with boxplots.ProportionalTournaments labeledP, with the givenratio valueR. Double Tour-
naments labeledT1 (do- tness- rstfalse)or T2 (do- tness- rsttrue),with thegiventournament
sizeSp. Themeanof eachdistributionis indicatedwith an . Lowervaluesarebetter Techniques
statisticallysuperiorto plaindepthlimiting aremarkedwith #; techniquestatisticallyinferior are
markedwith "
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