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Abstract. Many formsof parsimony pressureareparametric,thatis �nal �tness
is a parametricmodelof theactualsizeandraw �tness values.Theproblemwith
parametrictechniquesis thatthey arehardto tuneto preventsizefrom dominat-
ing �tness late in theevolutionaryrun,or to compensatefor problem-dependent
nonlinearitiesin theraw �tness function.In thispaperwebrie�y discussexisting
bloat-controltechniques,then introducetwo new kinds of non-parametricpar-
simony pressure,Direct andProportionalTournament.As their namessuggest,
thesetechniquesarebasedon simplemodi�cations of tournamentselectionto
considerboth sizeand�tness, but not togetherasa combinedparametricequa-
tion.Wecomparethetechniquesagainst,andin combinationwith, themostpopu-
lar geneticprogrammingbloat-controltechnique,Koza-styledepthlimiting, and
show that they areeffective in limiting sizewhile still maintaininggoodbest-
�tness-of-runresults.

1 Intr oduction

Oneof theforemostchallengesto scalinggeneticprogramming(GP)is bloat, theten-
dency for geneticprogrammingindividuals to grow in size as evolution progresses,
relatively independentof any justifying improvementsin �tness. It is not uncommon
for the averagesize of an individual to grow over threeordersof magnitudein just
�fty generations.This is aseriousstumblingblock to geneticprogramming,asit slows
theevolutionarysearchprocess,consumesmemory, andcanhampereffectivebreeding.
Bloat producesa sort of Zeno's paradox,slowing successive generationsby so much
thatit placesa caponGP'susefulruntime.

Bloat is not a problemuniqueto geneticprogramming.It occursin a wide vari-
etyof arbitrary-lengthrepresentations,includingneuralnetworks,�nite stateautomata,
andrule sets.Indeed,theearliestknown reportof bloating(andof approachesto deal
with it) involvesevolving Pitt-approachrule systems[1]. However, becauseGPis the
mostpopulararbitrary-lengthrepresentationtechnique,thelion'sshareof papersonthe
subjecthavebeenin theGPliterature.

As discussedin [2], bloating is a hotly debatedtopic in GP theory; and thereis
alsopresentlynosilverbullet to dealwith it. Thegeneticprogrammingliteratureusesa
largenumberof differenttechniquesto counterbloat,eachwith its own advantagesand
disadvantages.By far the mostpopularsuchtechniqueis restrictingbreedingto only



producechildren lessthansomemaximal tree depth.A distantsecondis parsimony
pressure, wherethesizeof anindividual is a factorin its probabilityof beingselected.

In this paperwe examinetwo new approachesto parsimony pressure,andreport
on their successin managingpopulationsizewhile retainingreasonablebest-�tness-
of-run resultsascomparedto Koza-styletree depthlimitation. Thesetechniquesare
basedonmodi�cationsof thewell-studiedtournamentselectionmethod,whichpicksN
randomindividualswith replacement,thenselectsthe�ttest individual from thatpool.
Wemodify tournamentselectionto considerparsimony aswell as�tness,but retainthe
nonparametricfeatureswhichmake tournamentselectionpopular.

2 Previous Bloat Control Techniques

Modi�cation and Restriction Techniques.Themostcommonapproachto bloatcon-
trol, at leastin theGP literature,is maximaldepthrestriction[3]. Here,whena child
is createdby removing a subtreefrom a parentandreplacingit with anothersubtree
(asis donein subtreecrossover or subtreemutation),andthechild exceedsa maximal
depthlimit, thenthechild is rejectedanda copy of theoriginal parenttakesits place
in the new generation.The standardmaximaldepthlimit for tree-basedGP is 17. It
is alsopossible,but muchlesscommon,to placesizerestrictionson the child rather
thandepthrestrictions.Pseudo-hillclimbing[4] is a recentrestrictionapproach:whena
child is generated,its �tness is immediatelyassessed.If its �tness is not superiorto its
parent's �tness, it is rejectedanda copy of its parenttakesits steadin thenew gener-
ation.Notethatthis approachis very similar to depthrestrictionin mechanism,except
thatoddly it doesnot comparesizeat all, yet is reasonablysuccessfulat limiting tree
growth.Thisgivessomeinsightinto why depthrestrictionandpseudo-hillclimbingare
successful:they limit growth not only by cappingsizebut by injecting largenumbers
of parentsdirectly into later generations.As parentsaregenerallysmallerthan their
children(hencethebloat),this hasa stuntingeffect,but at acostin diversity.

As GP parsetreesmay generallybe viewed as computerfunctions,oneobvious
way to counterbloat is to performcodeeditingto optimizethosefunctions.Onepaper
[5] reportsstrongresultswith this approach,but thereis evidencethat editing may
leadto prematureconvergence[6]. Finally, a numberof papers(for example[7]) have
investigatedallowing GP parsetreesto adapt,on a component-by-component basis,
theprobabilitythata givencomponentwill bechosenfor crossover. This bloat-control
techniqueis known asexplicitly de�nedintrons.

Parsimony Pressure Parsimony pressureis the popularbloat-controltechniqueout-
sideof GP, andis gainingpopularitywithin GPaswell. Most suchparsimony pressure
computes�tness asa linear functionof anindividual's raw �tness andits size(for ex-
ample,[8]), thoughtherearesomenonlinearexamplesaswell [9]. For amorecomplete
survey of linearandotherkindsof parametricparsimony pressure,see[10].

The troublewith parametricparsimony pressureis that it is parametric. We mean
this in the statisticalsense:it considersthe actualvaluesof sizeand �tness together
in a parametricstatisticalmodel for selection:the experimentermuststipulate,in ef-
fect, that N units of sizeareworth M units of raw �tness. Stipulatingthis function is



problematicwhen�tness is a nonlinearfunctionof actual“worth”, asis oftenthecase:
�tness functionsaretypically ad-hoc.It maywell bethata differencebetween0.9and
0.91in �tness is muchmoresigni�cant thanadifferencebetween0.7and0.9.Paramet-
ric parsimony pressurecanthusgivesizeanunwantedadvantageover �tness whenthe
differencein �tness is only 0.01asopposedto 0.2.This is alsoa problembecausethe
relative signi�canceof exactsizeand�tness parameterschangesduring thecourseof
a run.For example,size-parameterdominancemayariselatein evolution,whensubtle
differencesin �tness becomeimportant.Notice that theseissuesaresimilar to those
which gave riseto thepreferenceof tournamentselectionandothernonparametricse-
lectionproceduresover �tness-proportionateselection.

Oneapproachto �xing thisis to adaptthesizeparameterastheevolutionaryrunpro-
gresses[11], exceptthatsuchtechniquesmustusuallyrelyonproblem-speci�canalysis.
Another recentapproach,pareto parsimonypressure, eschews parametrictechniques
and insteadtreatssizeasa secondobjective in a pareto-optimizationscheme.Pareto
optimizationis usedwhentheevolutionarysystemmustoptimizefor two or moreob-
jectivesat once,andit is not clearwhich objective is “more important”.An individual
A is saidto pareto-dominateanotherindividual B if A is asgoodasB in all objectives,
andbetterthanB in at leastoneobjective.Onepossibleuseof paretodominanceis to
stipulatethatanindividual's �tness is thenumberof peersit dominates.Unfortunately,
thetechniquehassofar hadmixedresultsin theliterature.Somepapersreportsmaller
treesandthe discovery of more ideal solutions[12,13], but tellingly they omit best-
�tness-of-runresults.Anotherreportsthemeanbest-�tness-of-run,but it is worsethan
whennotusingthetechnique[14].

3 Two NewParsimony Pressure Techniques

The two new techniqueswe proposeherearemodi�cations of the tournamentselec-
tion operator. Thetechniquesaredoubletournament, whereindividualsmustpasstwo
layersof tournaments(one by size,one by �tness) to be selected;and proportional
tournament, wherethetournamentsometimespicksby size,andsometimesby �tness.

Double Tournament The double tournamentalgorithm selectsan individual using
tournamentselection:however the tournamentcontestantsare not chosenat random
with replacementfrom thepopulation.Instead,they wereeachthewinnersof another
tournamentselection.For example,imagineif the“�nal” tournamenthasapoolsizeof
7: thenseven“quali�er” tournamentsareheldasnormalin tournamentselection,and
thewinnersgo on to competein the “�nal” tournament.Doubletournamenthasbeen
previouslyusedto selectfor both�tness anddiversity[15]. We suggestit maybeused
for parsimony pressureby having the “�nal” tournamentselectbasedon parsimony
while thequalifying tournamentsselectbasedon �tness (or vice versa).Thealgorithm
hasthreeparameters:a �tness tournamentsizeSf , aparsimony tournamentsizeSp, and
aswitch(do-�tness-�rst) whichindicateswhetherthequali�ers selecton�tness andthe
�nal selectsonsize,or (if false)theotherwayaround.

Our initial experimentsrevealedthat even Sp valuesassmall as2 put too much
pressureon parsimony, andthe �tnessesof the resultingindividualswerestatistically



signi�cantly worsethanwith noparsimony pressureatall. In orderto rectify thismatter,
wepermitSp toholdrealvaluesbetween1.0and2.0.In thisvaluerange,two individuals
participateto the tournament;with probability Sp=2 the smallerindividual wins, else
thelargerindividualwins.Tiesarebrokenat random.ThusSp = 1 is randomselection,
while Sp = 2 is thesameasaplainparsimony-basedtournamentselectionof size2.

Proportional Tournament This techniqueis even simpler. The proportionaltourna-
mentalgorithmselectsan individual usingtournamentselectionasusual,usingsome
�x edtournamentsizeS. However, aproportionof tournamentswill selectbasedonpar-
simony ratherthanon �tness.A �x edparameterRde�nestheproportion,wherehigher
valuesof R imply moreof anemphasistowards�tness: R = 1 implies thatall tourna-
mentswill selectbasedon �tness, while R = 0:5 implies that tournamentswill select
on �tness or sizewith equalprobability.

4 Experiments

Thebloat-controltechniquemostusedin theliteratureis Koza-styledepthlimiting, and
we,likemostof theliterature,compareourtechniqueagainstit. In futurework,wewill
alsocompareagainstlinear or paretoparsimony pressure.To this end,we performed
two experiments.The �rst experimentcompareddepth limiting againstDouble and
Proportionaltournaments,while thesecondcomparedplaindepthlimiting againstdepth
limiting in combinationwith thetournaments.Wewishto emphasizethatalthoughthese
techniquesarebeingusedfor GP in this paper, they aregeneraltechniqueswhich are
representation-independent.

Theexperimentsusedpopulationsizesof 1000,with 50-generationruns.Theruns
did not stopwhenan ideal individual wasfound.Runswith plain depthlimiting used
plain tournamentselectionwith a tournamentsizeof 7. We chosefour problemdo-
mains:Arti�cial Ant, 11-bit BooleanMultiplexer, SymbolicRegression,andEven-5
Parity. We followed the Koza-standardparametersspeci�ed in thesefour domainsas
setforth in [3], aswell asits breeding,selection,andtreegenerationparameters.Arti�-
cial Ant usedtheSantaFefood trail. SymbolicRegressionusedno ephemeralrandom
constants.To comparemeansfor statisticalsigni�cance,weusedANOVAs with a95%
con�dence.TheevolutionarycomputationsystemusedwasECJ7 [16].

Our resultsaregraphedasfollows.For theDoubleTournament,we setSf = 7 and
let Sp rangefrom 1.0 to 2.0 by incrementsof 0.1. We experimentedwith settingdo-
�tness-�r st to false(leftmostmethodsin thegraphs),andto true(thenext setof meth-
ods).For theProportionalTournament,we setS= 7, andlet R rangefrom 1.0down to
0.5by decrementsof 0.05.In all graphs,lower �tnesseswerebetter, andtherightmost
barrepresentsplaindepth-limitingalone.

4.1 First Experiment

The �rst experimentcomparedplain depthlimiting againstDoubleandProportional
Tournament,usingthefour problemdomainslistedabove.Weran50runspertechnique
perproblemdomain,andplottedthemeanbest-�tness-of-runandtheaveragetreesize
perrun.The�tness resultsareshown in Figure2, andthetreesizeresultsin Figure1.



Results. For mostproblems,thereexistednon-extremesettingsfor both Doubleand
ProportionalTournamentswhichmaintained�tnesswith signi�cantly smallertreesizes
thanplain depthlimiting, oftenby wide margins.In theSymbolicRegressiondomain,
DoubleandProportionalTournamentsboth improved on plain depthlimiting in tree
sizeand�tness, but never in a statisticallysigni�cant manner. As we notedin a previ-
ouspaper[10], plain depthlimiting performsverywell in SymbolicRegression.Over-
all, DoubleTournamentSp valuesin the1.4–1.6rangedid reasonablywell. Thesweet
spotfor ProportionalTournamentwasaroundR= 0:7, whichalwaysperformednearly
identically to plain depthlimiting (othersettingscould do muchbetterdependingon
theproblem).Theparticularsettingof do-�tness-�rstdid nothavea signi�cant effect.

4.2 SecondExperiment

Reasonablesettingsof DoubleandProportionalTournamenteitherequalledor outper-
formedplain depthlimiting, but not by aswide a margin aswe would have hoped.We
wonderedhow well combiningeachof thesetwo methodswith depthlimiting would
performagainstjustplaindepthlimiting alone.In oursecondexperimentwecompared
thecombinationsagainstdepthlimiting, onceagaindoing50 runsper technique,then
plottedthebest�tness perrun andtheaveragetreesizeperrun.The�tness resultsare
shown in Figure4, andthetreesizeresultsareshown in Figure3.

Results.This time judicioussettingsof Sp or R dramaticallyoutperformedplaindepth
limiting in all four domains.Overall, Double TournamentSp valuesin 1.2–1.6had
equal�tness to plain depthlimiting, while signi�cantly outperformingit in treesize,
oftenhalving thesize.Thesweetspotfor ProportionalTournamentwasagainaround
R= 0:7,whichalwayshalvedtreesizewhile maintainingstatisticallyequivalent�tness.
Again, theparticularsettingof do-�tness-�rstdid nothaveasigni�cant effect.

5 Conclusionsand Future Work

Whenit comesto �tness,plaindepthlimiting is hardto beat.Thetechniquesdiscussed
in this paperall hadstatisticallyequivalentbest-�tness-of-runresultsasdepthlimit-
ing, but not better. However they were able to achieve theseresultswhile lowering
the treesize.DoubleTournamentandProportionalTournamentby themselvescould
only lower total treesizeslightly in comparisonto plaindepthlimiting. However, when
combinedwith depth limiting, they signi�cantly outperformeddepth limiting alone,
yielding treesizesat half thenormalsizewhile maintaininganequivalentbest�tness
of run.Giventheir simpleimplementationandgeneralapplicability, we think thatnon-
parametrictournament-basedparsimony pressureis worthconsiderationin aGPsystem
in combinationwith depthlimiting. As futurework wehopeto examinetheapplicabil-
ity of thesetechniquesto non-GPenvironmentsaswell, andin comparisonwith other
parsimony pressuremethods.
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Fig.1. Meantreesizesfor variousparsimony pressuremethods,ascomparedcomparedto plain
depthlimiting (labeledD). Distributionsareplottedwith boxplots.ProportionalTournamentis
labeledP, with thegiven ratio valueR. DoubleTournamentis labeledT1 (do-�tness-�rst false)
or T2 (do-�tness-�rst true), with the given tournamentsizeSp. The meanof eachdistribution
is indicatedwith an � . Lower valuesarebetter. Techniquesstatisticallysuperiorto plain depth
limiting aremarkedwith #; techniquesstatisticallyinferior aremarkedwith "
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Fig.2.Best�tnessof runfor variousparsimony pressuremethods,ascomparedcomparedtoplain
depthlimiting (labeledD). Distributionsareplottedwith boxplots.ProportionalTournamentis
labeledP, with thegiven ratio valueR. DoubleTournamentis labeledT1 (do-�tness-�rst false)
or T2 (do-�tness-�rst true), with the given tournamentsizeSp. The meanof eachdistribution
is indicatedwith an � . Lower valuesarebetter. Techniquesstatisticallysuperiorto plain depth
limiting aremarkedwith #; techniquesstatisticallyinferior aremarkedwith "
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Fig.3. Meantreesizesfor variousparsimony pressuremethodsin combinationwith depthlim-
iting, ascomparedcomparedto plain depthlimiting alone(labeledD). Distributionsareplotted
with boxplots.ProportionalTournamentis labeledP, with thegivenratio valueR. DoubleTour-
namentis labeledT1(do-�tness-�rst false)or T2(do-�tness-�rst true),with thegiventournament
sizeSp. Themeanof eachdistributionis indicatedwith an� . Lowervaluesarebetter. Techniques
statisticallysuperiorto plaindepthlimiting aremarkedwith #; techniquesstatisticallyinferior are
markedwith "



Arti�cial Ant

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D
Parsimony Pressure

0

10

20

30

40

B
es

tF
itn

es
s

of
R

un

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D

Even-5Parity

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D
Parsimony Pressure

0

2.5

5

7.5

10

12.5

B
es

tF
itn

es
s

of
R

un

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D

­ ­ ­ ­ ­ ­ ­ ­ ­ ­

11-Bit BooleanMultiplexer

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D
Parsimony Pressure

0

200

400

600

B
es

tF
itn

es
s

of
R

un

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D

­ ­ ­ ­ ­ ­ ­ ­ ­ ­ ­ ­

SymbolicRegression

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D
Parsimony Pressure

0

0.5

1

1.5

2

B
es

tF
itn

es
s

of
R

un

T1: 1 1.2 1.4 1.6 1.8 2 T2: 1 1.2 1.4 1.6 1.8 2 P: 1 .9 .8 .7 .6 0.5 D

­ ­ ­ ­ ­ ­ ­ ­

Fig.4.Best�tnessof runfor variousparsimony pressuremethodsin combinationwith depthlim-
iting, ascomparedcomparedto plain depthlimiting alone(labeledD). Distributionsareplotted
with boxplots.ProportionalTournamentis labeledP, with thegivenratio valueR. DoubleTour-
namentis labeledT1(do-�tness-�rst false)or T2(do-�tness-�rst true),with thegiventournament
sizeSp. Themeanof eachdistributionis indicatedwith an� . Lowervaluesarebetter. Techniques
statisticallysuperiorto plaindepthlimiting aremarkedwith #; techniquesstatisticallyinferior are
markedwith "


