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Abstract

We introducea techniquecalled lexicographic
parsimony pressure,for controlling the signi�-
cant growth of geneticprogrammingtreesdur-
ing the courseof an evolutionary computation
run. Lexicographicparsimony pressuremodi�es
selectionto prefer smaller treesonly when �t-
nessesare equal(or equal in rank). This tech-
niqueis simpleto implementandis not affected
by speci�c differencesin �tness values,but only
by their relative ranking. In two experimentswe
show that lexicographicparsimony pressurere-
ducestree size while maintaininggood �tness
values, particularly when coupled with Koza-
stylemaximumtreedepthlimits.

1 INTRODUCTION

Like many arbitrary-sizedrepresentationsin evolutionary
computation,geneticprogramming(GP) individuals tend
to grow signi�cantly in sizewhennocodegrowth counter-
agentsareapplied.Thisgrowth is relatively independentof
signi�cant increasesin �tness. Thephenomenon,known in
GP circles asbloat, is shapingup to be a major impedi-
mentto GP's scalabilityto moredif�cult problemswhich
necessitatelongerevolutionaryruns.

The chief way bloat is controlled in GP is through the
useof breedingrestrictionsstipulatingthemaximumdepth
of a GP parsetree individual. Lately other approaches
have taken root, most popularly variousforms of parsi-
monypressure, wherethesizeof anindividual is takeninto
considerationduringselection.Parsimony pressurehasto
date taken two basic forms: parametricparsimony pres-
sure,whereanindividual'ssizedirectlychangesits �tness,
andparetoparsimony pressure,wherean individual's size
is consideredas an additionalobjective in a paretoopti-
mizationscheme.

In this paperwe presenta new family of parsimony pres-
suretechniqueswhich we think may be particularlyapro-
posto GPandotherevolutionarysystemswith largenum-
bersof �tness-equivalentindividualsin a population.This
family is collectively known as lexicographic parsimony
pressure, andis basedon the ideaof placing�tness, then
sizein lexicographicorder;that is, preferringsmallerindi-
vidualsonly when�tness is identical(or in someversions,
similar). Lexicographicparsimony pressureis simple to
implement,and it is lesstied to the speci�c absolute�t-
nessvaluesin the populationthan parametrictechniques
are,muchin thesamewaythattournamentselectiontouted
over �tness-proportionateselection.

Weopenthepaperwith discussionsof currentbloat-control
techniques,followedby adescriptionof lexicographicpar-
simony pressureandvariationswehavetried. Wethengive
theresultsof anexperimentshowing thatin mostcaseslex-
icographicparsimony pressureproducesequivalent best-
�tness-of-run resultswith signi�cantly smallertreesthan
doesdepthrestriction,exceptin the SymbolicRegression
domain,whereit performspoorly. We then give the re-
sultsof asecondexperimentwhereweshow thatcombina-
tionsof lexicographicparsimony pressureanddepthlimit-
ing work verywell comparedto depthlimiting alone.

2 CONTROLLING BLOAT

Theevolutionarycomputationcommunityhastriedanum-
ber of approachesto controlling the growth of arbitrary-
sizedindividuals.Firstandforemostareanumberof parsi-
mony pressuretechniques,which includeconsiderationof
anindividual'ssizeaspartof theselectionprocedure.Ge-
neticprogramminghaspopularizedsomeothertechniques.
Below we list four suchtechniques,followedby arangeof
parsimony pressureapproaches.

Maximum Size or Depth Restriction This approach
simply limits the maximumsizeof an individual, usually
by rejectinglargechildrenaspartof thebreedingprocess.



For example,muchwork in GPfollows thetechniqueused
in Koza [1992], which restrictsmodi�cation operatorsto
producenew treesof depthlessthan17.

Explicitly De�ned Intr ons This GP-speci�c technique
allowstheinclusionof specialnodeswhichadaptthelikeli-
hoodof subtreecrossoveror mutationat speci�c positions
in thetree[Nordin et al. 1996].

Code Editing One easyway to attackgrowth is to di-
rectly simplify and optimize an individual's parsetree.
Souleet al. [1996] for examplereportstrongresultswith
this approach.However, Haynes[1998] warnsthatediting
canleadto prematureconvergence.

Pseudo-Hillclimbing This techniquerejectschildren if
they arenotsuperiorto (or simplydifferentfrom) theirpar-
entsin �tness. If a child is rejectedfrom joining thenext
generation,acopy of its parentjoins thenext generationin
its stead.Oneeffect of this techniqueis to replicatelarge
numbersof parentsinto futuregenerations;earlierindivid-
ualsaregenerallysmallerthanlater individuals(hencethe
bloat), this resultsin slower growth in averagesize. This
techniquehasbeenreportedwith somesuccessin [Lang-
donandPoli 1998;SouleandFoster1998b].

2.1 PARSIMONY PRESSURE

Unlike the techniquesmentionedearlier, parsimony pres-
sure is not GP-speci�c and has been used whenever
arbitrary-sizedrepresentationstendedto get out of hand.
Such usageto datecan be divided into two broadcate-
gories:parametricparsimony pressure,wheresizeis a di-
rectnumericalfactorin �tness,andparetoparsimony pres-
sure,wheresizeis consideredasa separateobjective in a
pareto-optimizationprocedure.

Parametric Parsimony Pressure This includes size
metrics,alongwith raw �tness, aspart of an equationin
computingthe�nal �tnessof anindividual. Forpurposesof
thediscussion,let f be the individual's raw �tness, where
higheris better, andg be the �tness afterparsimony pres-
sureis considered.Let s be an individual's size,and let
a;b;c bearbitraryconstants.

The most widely-usedapproachto parametricparsimony
pressureis to treattheindividual'ssizeasa linearfactorin
�tness, that is, g = af � bs. This techniquehasbeenused
in bothGP[Koza1992]andin non-GP[Burkeetal. 1998].
SouleandFoster[1998a]presentaninterestinganalysisof
linear parsimony pressureand when and why it can fail.
Linearparsimony pressureis occasionallyaugmentedwith
a limit, that is if s � c theng = af , elseg = af + b(c� s)
[CavarettaandChellapilla1999]. Belpaeme[1999] useda

similar limit, but consideredmaximaltreedepthratherthan
sizeastheparameter. Nordin andBanzhaf[1995] alsoap-
plied parametricparsimony pressure,believedto belinear,
to evolvemachinelanguageGPstrings.

Linear parsimony pressurehas been used in combina-
tion with adaptive strategies. Zhang and Mühlenbein
[1995] adjustedb basedon currentpopulationquality. Iba
et al. [1994] proposea similar technique,exceptthey use
information-theoreticfunctionsfor f and s. Linear par-
simony pressurehasalsobeenappliedin stages:�rst by
settingg = f , then factoring in size only after the pop-
ulation has reacheda suf�cient quality [Kalganova and
Miller 1999]. Somenon-GPpapers[Wu et al. 1999;Bas-
settandDeJong2000]useanonlinearparsimony pressure:
g = (1� as) f . BassettandDe Jongnotethat this hasthe
addedfeatureof increasingthe penaltyproportionallyto
the�tness.

Theproblemwith parametricparsimony pressureis exactly
that: it is parametric,ratherthanbasedon rank. Onemust
tune the parsimony pressureso as not to overwhelmthe
�tness metric. This can be dif�cult when the �tness as-
sessmentprocedureis nonlinear, asis usuallythe case:it
may well be that a differencebetween0.9 and0.91in �t-
nessis much more signi�cant than a differencebetween
0.7 and0.9. Parametricparsimony pressurecanthusgive
sizean unwantedadvantageover �tness whenthe differ-
encein �tness is only 0.01asopposedto 0.2. Unexpected
strengthin thesizeparametercanalsoarisewhenthepop-
ulation's �tnessesareconverging latein theevolution pro-
cedure.Theseissuesaresimilar to thosewhich gave rise
to the preferenceof tournamentselectionand other non-
parametricselectionproceduresover �tness-proportionate
selection.

Pareto Parsimony Pressure The recenttrend in parsi-
mony pressurehasbeento treatit asaseparateobjectivein
a nonparametric,paretooptimizationscheme.Paretoopti-
mizationis usedwhentheevolutionarysystemmustopti-
mizefor two or moreobjectivesat once,but it is not clear
which objective is “more important”. An individual A is
saidto pareto-dominateanotherindividualB if A is asgood
asB on all objectives,andbetterthanB in at leastoneob-
jective. Oneparetooptimizationschemeassumesthatone
individual hasa higher�tness thananotherif it dominates
theother. Anotherschemebasesthe �tness of individuals
on thenumberof otherindividualsthey dominate.

Paretoparsimony pressuretreatsraw �tness asoneobjec-
tive to optimize,andtheindividual'ssizeasanotherobjec-
tive. Oneparticularlyenticingfeatureof paretoparsimony
pressureis that there is nothing to tune. Unfortunately,
thetechniquehassofar hadmixedresultsin theliterature.
Somepapersreportsmallertreesandthediscoveryof more



idealsolutions[Bleuleretal.2001;DeJongetal.2001],but
tellingly they omit best-�tness-of-runresults.1 Ekart and
Nemeth[2001]reportthemeanbest-�tness-of-run,but it is
worsethanwhennotusingthetechnique.

3 LEXICOGRAPHIC PARSIMONY
PRESSURE

Lexicographic parsimony pressureis a straightforward
multiobjective techniquefor optimizing both �tness and
treesize, by treating�tness as the primary objective and
treesizeasa secondaryobjective in a lexicographicorder-
ing. The proceduredoesnot assigna new �tness value,
but insteadusesa modi�ed tournamentselectionoperator
to considersize.

To selectan individual, two individualsarechosenat ran-
dom,andtheir �tnessescompared.If anindividualhassu-
perior �tness, it is selected.If the �tnessesarethe same,
thensizesarecompared,andthe smallerindividual is se-
lected. If both �tness andsizearethesame,an individual
is selectedat random.

We think theprocedureis attractive becauseit is basedon
the relative rankof individualsin a populationratherthan
their explicit �tness values:thusspeci�c differencesin �t-
nessareimmaterial. All that mattersis that one�tness is
greaterthananother. Additionally, plain lexicographicpar-
simony pressurehasnothingto tune. However, theproce-
dureonly works well in environmentswhich have a large
numberof individualswith identical�tness. As it sohap-
pens,geneticprogrammingis just suchan environment,
thanksto a large amountof inviable code(regionswhere
crossover hasno effect) andother eventscausingneutral
crossoversandmutations.

Of course, there exist problem domainswhere few in-
dividuals have the same�tness. For thesedomainswe
proposetwo possiblemodi�cations of lexicographicpar-
simony pressure,both basedon the notion of sorting the
population,puttingit into rankedbuckets,andtreatingeach
individual in thebucketasif it hadthesame�tness. These
two modi�cationsare:

Dir ect Bucketing The numberof buckets, b, is speci-
�ed beforehand,andeachis assigneda rank from 1 to b.
Thepopulation,of sizep, is sortedby �tness. Thebottom
dp=be individualsare placedin the worst ranked bucket,
plus any individualsremainingin the populationwith the
same�tness asthebestindividual in thebucket. Thenthe
secondworst dp=be individualsare placedin the second

1As we argue in an accompanying paper, ideal-solution counts
are a very poor measure of quality. Not only are they statistically
invalid, but in fact are not correlated, or as badly as inverselycor-
related, with mean best-fitness-of-run results.

worst ranked bucket, plus any individuals in the popula-
tion equalin �tness to the bestindividual in that bucket.
This continuesuntil thereareno individuals in the popu-
lation. Note that the topmostbucket with individualscan
hold fewer thandp=be individuals,if p is not a multiple of
b. Dependingon the numberof equal-�tnessindividuals
in the population,therecanbe sometop buckets that are
never�lled. The�tness of eachindividual in abucket is set
to the rank of the bucket holding it. Direct bucketinghas
the effect of tradingoff �tness differencesfor size. Thus
thelargerthebucket,thestrongertheemphasisonsizeasa
secondaryobjective.

Ratio Bucketing Here the buckets are proportionedso
that low-�tness individuals are placed into much larger
buckets thanhigh-�tness individuals. A bucket ratio 1=r
is speci�edbeforehand.Thebottomd1=re fractionof indi-
vidualsof thepopulationareplacedinto thebottombucket.
If any individualsremainin the populationwith thesame
�tness asthebestindividual in thebottombucket,they too
are placedin that bucket. Of the remainingpopulation,
the next d1=re fraction of individualsare placedinto the
next bucket, plus any individuals remainingin the popu-
lation with the same�tness as the bestindividual now in
that bucket, andso on. This continuesuntil every mem-
ber of the populationhasbeenplacedin a bucket. Once
again,the�tness of everyindividual in abucketis setto the
rankof thebucket relative to otherbuckets.As theremain-
ing populationdecreases,thed1=refractionalsodecreases:
hencehigher-rankedbucketsgenerallyholdfewerindividu-
alsthanlower-rankedbuckets.Ratiobucketingthusallows
parsimony to have moreof aneffect on averagewhentwo
similar low-�tness individuals are consideredthan when
two high-�tnessindividualsareconsidered.

Both bucketing schemes�ll the buckets with remaining
individuals equal in �tness to the best individual in the
bucket. The purposeof this is to guaranteethat all indi-
viduals of the same�tness fall into the samebucket and
thushave thesamerank. This removesartifactsdueto the
particularorderingof the population. Bucketing schemes
requirethat theuserspecifya bucket parameter(eitherthe
numberof buckets or the bucket ratio). This parameter
guideshow stronganeffectparsimony canhave on these-
lectionprocedure.Notehowever that this parameteris not
a direct factor in �tness. Thus the speci�c differencein
�tness betweentwo individualsis still immaterial;all that
mattersis �tness rank.

We are aware of two papersin the literaturewhich have
usedvariationson lexicographicparsimony pressure.Lu-
cas[1994] useda linearparametricfunction to evolve bit-
stringsusedin context-free grammars:but the size was
multiplied by a constantsmall enoughto guaranteethat
the largestpossibleadvantagefor small sizewaslessthan
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Figure1: Boxplotsof distributionsof mean-tree-size-of-runfor variousparsimony pressuremethods,ascomparedcom-
paredto plain depthlimiting (labeledD). Lexicographicparsimony pressureis labeledL. Direct bucketing is labeledB,
with thegivennumberof buckets.Ratiobucketingis labeledR with thegivenratiovalue.

the smallestdifferencein �tness. We believe the �tness
wasthenfed into a �tness-proportionalselectionoperator.
In the pygmiesand civil servantsalgorithm[Ryan 1994],
crossover is always betweenone “civil servant” and one
“pygmy”. A pygmy is selectedusing linear parsimony
pressurewith a heavy weight for small size. A civil ser-
vant is selectedusingplain lexicographicselection. Both
papersmentionparsimony advantagesonly in passing.

4 EXPERIMENTS

Like mostparsimony pressureliterature,we choseto com-
pareagainstthe most popular techniquefor size restric-
tion, namelyKoza-styledepthlimiting. We performedtwo
setsof experiments.The �rst experimentcomparedlexi-
cographicparsimony pressureagainstdepthlimiting. The
secondexperimentusedlexicographicparsimony pressure
in combinationwith depthlimiting.

The experimentsusedpopulationsizesof 1000. Without
parsimony pressure,thedepthorderedrunsusedplaintour-
namentselectionwith a tournamentsizeof 2. We chose
four problemdomains:Arti�cial Ant, 11-bitBooleanMul-

tiplexer, SymbolicRegression,andEven-5Parity. We fol-
lowed the parametersspeci�ed in thesefour domainsas
set forth in Koza [1992]. Symbolic Regressionusedno
ephemeralrandomconstants.Arti�cial Ant usedtheSanta
Fe food trail. Statisticalsigni�cancewasdeterminedwith
ANOVAs at 95%. The evolutionarycomputationsystem
usedwasECJ7 [Luke2001].

As lexicographicorderingis in�uencedby likelihoodof in-
dividualshaving the same(or similar) �tness, it is useful
to notethe featuresof thesefour problemdomainsin this
respect. Arti�cial Ant evolves treesto control an ant to
eatasmany food pelletsaspossiblewithin 400time steps.
Fitnessis simply the numberof pellets,and the trail has
only 89 of them,so therearerelatively few �tness values
anindividualmaytakeon. The11-bitBooleanMultiplexer
andEven-5Parity problemsbothrequirethe individual to
learna complex booleanfunction. 11-bit BooleanMulti-
plexer hasinteger �tness valuesrangingfrom 0 to 2048.
It is known that 11-bit BooleanMultiplexer hasrelatively
little inviablecode,but mostindividuals' �tnessesfall into
multiplesof 32 or 64. Even-5Parity hasthe fewestnum-
ber of �tness values: only integer �tness valuesranging
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Figure2: Boxplotsof distributionsof best-�tness-of-runfor variousparsimony pressuremethods,ascomparedcompared
to plaindepthlimiting (labeledD). Lexicographicparsimony pressureis labeledL. Directbucketingis labeledB, with the
givennumberof buckets.Ratiobucketingis labeledRwith thegivenratiovalue. Lower �tness is better.

from 0 to 33. SymbolicRegressionaskstreesto �t a real-
valuedfunctionwithin thedomain[-1,1] but with any valid
range;thusindividualscantake on any real-valued�tness.
However, Symbolic Regressionsuffers from a very large
amountof inviablecode,somany individualsin thepopu-
lationhavethesame�tness.

4.1 FIRST EXPERIMENT

The�rst experimentcompareddepthlimiting againstpure
parsimony pressureapproaches. Speci�cally, the tech-
niquescomparedare:

� Lexicographicparsimony pressurewith directbucket-
ing, using10,25,50,100,250,or 500buckets.

� Lexicographicparsimony pressurewith ratio bucket-
ing, usingbucket ratiosof 1/2, 1/3, 1/4, 1/5, 1/6, 1/7,
1/8,1/9,or 1/10.

� Plainlexicographicparsimony pressure.

� Depthlimiting (to 17).

We did 50 runspertechnique,andplottedboxplots2 show-
ing thedistribution of thebest�tness per run, andalsoof
the averagetreesizeper run. Runscontinuedfor 51 gen-
erations,anddid notstopon thediscoveryof theoptimum.
Resultsareshown in Figures1 and2.

In theArti�cial Ant andEven5-Parity problems,all parsi-
mony pressuretechniquesyieldedstatisticallysigni�cantly
superiortreesizeresultsto depthlimiting, andhadstatis-
tically insigni�cant differencesin �tness, exceptfor direct
bucketnumbersof 10,25,and50 for Even5-Parity, which
hadworse�tness values. Small-numbereddirect bucket-
ing yieldedmuchbettertreesizes.For Even-5Parity, this
cameat the cost of muchworse�tness values. Arti�cial
Ant, therewasnodifferencein �tness.

For 11-bit Boolean Multiplexer, all parsimony pressure
techniqueshad smallermeantree sizesthan depthlimit-
ing, but only direct bucketing numbersof 10, 25, 50, and
100 hadstatisticallysigni�cant differences.Similarly, all

2In a boxplot, the rectangular region covers all values between
the first and third quartiles, the stems mark the furthest individual
within 1.5 of the quartile ranges, and the center horizontal line
indicates the median. Dots show outliers, and � marks the mean.
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Figure3: Boxplotsof distributionsof mean-tree-size-of-runfor variousparsimony pressuremethodsin combinationwith
depthlimiting, ascomparedcomparedto plain depthlimiting (labeledD). Lexicographicparsimony pressureis labeledL.
Directbucketingis labeledB, with thegivennumberof buckets.Ratiobucketingis labeledR with thegivenratiovalue.

techniqueshadstatisticallyinsigni�cant differencesin �t-
nessexceptfor directbuckingnumbersof 10, 25, and50,
whichhadworse�tness.

Thesurprisecamewith SymbolicRegression.We hadex-
pectedlexicographicparsimony pressureto yield poortree
sizesin this domainrelative to depthlimiting, andit did.
But interestingly, bucketingalsohadpoortreesizes.Only
directbuckingwith 10 bucketsyieldedstatisticallysigni�-
cantlyworse�tness thandepthlimiting.

Growth Curves For the Even-5 Parity problem,parsi-
mony pressuretechniquesgenerallyheld treegrowth to a
standstillor beganloweringtreesizesit by generation30.
For Arti�cial Ant, this occurredby aboutgeneration10.
In 11-bit BooleanMultiplexer, generation40; mostparsi-
mony pressuretechniqueswereloweringtreesizesby then
as well. In Symbolic Regression,tree growth for all the
parsimony pressuretechniquesrose in a quadraticcurve
similar to that found for unrestrictedGP in this problem.
With depthlimiting in all four problemdomains,meantree
growth continuedto riselinearly.

Lexicographicparsimony pressurehasanAchilles' heel:if

GPcancreateincrementallybettertreesby tackingsubtrees
ontotheirperiphery, thenlexicographicparsimony pressure
cannotactagainstit. As longasthetreesarein�nitesimally
better, sizedoesnot comeinto play. SymbolicRegression
hasthis property, andwe hadexpectedplain lexicographic
parsimony pressureto do badly in this domain. But we
wereverysurprisedto seethepoorperformanceof bucket-
ing approachesaswell.

4.2 SECONDEXPERIMENT

If depthlimiting did well comparedto lexicographicparsi-
mony pressurein SymbolicRegression,andheld its own
reasonablyin 11-bit BooleanMultiplexer, we wondered
how the combinationof the two techniqueswould fare.
Our secondexperimentcomparedthe sametechniquesas
in the �rst experiment,but combinedthe parsimony pres-
suretechniqueswith depthlimiting. Again,wedid 50runs
pertechnique.Theseresultsareshown in Figures3 and4.

This time, parsimony pressureplus depthlimiting signi�-
cantlyoutperformeddepthlimiting alone.In theSymbolic
Regression,Arti�cial Ant, andEven-5Parity problems,all
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Figure4: Boxplotsof distributionsof best-�tness-of-runfor variousparsimony pressuremethodsin combinationwith
depthlimiting, ascomparedcomparedto plain depthlimiting (labeledD). Lexicographicparsimony pressureis labeledL.
Direct bucketingis labeledB, with thegivennumberof buckets. Ratiobucketingis labeledR with thegivenratio value.
Lower �tness is better.

applicationsof parsimony pressureplusdepthlimiting had
statisticallysigni�cantly superiortreesizeswhencompared
to plain depthlimiting. In the11-bit BooleanMultiplexer,
this wasalsothecaseexceptfor ratio bucketsof size1/5,
1/7, and1/10, which hadstatisticallyinsigni�cant differ-
enceswith depthlimiting.

As before,therewerenostatisticallysigni�cant differences
in �tness in the Arti�cial Ant problem. Direct bucketing
with 10, 25, and 50 buckets yielded statistically signi�-
cantlyworse�tness thandepthlimiting for theEven-5Par-
ity and11-bit BooleanMultiplexer problems.In theSym-
bolic Regressionproblem,only direct bucketing with 10
bucketshadstatisticallyworse�tness thandepthlimiting.

Growth Curves In the SymbolicRegressionandEven-
5 Parity problems,parsimony pressureplusdepthlimiting
�attenedout treegrowth by aboutgeneration25. In theAr-
ti�cial Ant problem,parsimony pressureplus depthlimit-
ing droppedsizesafteraboutgeneration5, �attening outat
aboutgeneration20. In the11-bitBooleanMultiplexer, the
sametechniquesbeganslowly loweringtreesizesat about
generation35.

5 CONCLUSIONS AND FUTURE WORK

In three of four problem domains, lexicographic parsi-
mony pressureand its variants(direct bucketing and ra-
tio bucketing, given reasonableparametervalues)main-
tainedthesamemeanbest-�tness-of-runasdid Koza-style
depthlimiting, with equivalentor signi�cantly lowermean
treesizes. But in SymbolicRegression,whereincremen-
tally larger treesareoften (just barely)superiorin �tness,
lexicographictechniqueswerepracticallyhelplessto stop
bloat. However, a combinationof depthlimiting andlex-
icographicparsimony pressureconsistentlyoutperformed
depthlimiting in cappingbloat,while maintainingstatisti-
cally equivalentmeanbest-�tness-of-runvalues.Givenits
simpleimplementationandgeneralapplicability, we hope
lexicographicparsimony pressuremayprovea popularap-
proachto bloat control. We plan to extend this work to
other techniquessuch as layeredtournamentswhich al-
ternatelyconsider�tness andsize. We alsoplan to com-
paredirectly to parametricparsimony pressureandpareto-
optimization-basedmethodsin thefuture.
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