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ABSTRACT

Evolutionarycomputationsystemsexhibit variousemergentphenomena,pri-
mary of which is adaptation.In geneticprogramming,becauseof the inde-
terminatenatureof the representation,the evolution of both recombination
distributions and representationscan emerge from the populationdynamics.
A review of ideason thesephenomenais presented,including theoryon the
evolution of evolvability throughdifferential proliferationof subexpressions
within programs.An analysisis givenof a modelof geneticprogrammingdy-
namicsthatis supportive of the“Soft BroodSelection”conjecture,which was
proposedasameansto counteracttheemergenceof highly conservative code,
andinsteadfavor highly evolvablecode.

1. Introduction

Theability of complex systemsto exhibit emergentpropertiesis oneof theirmainattractions
assubjectsof study. By “emergent” I heremeanbehaviors thatarenot describedin thespec-
ification of thesystem,but which becomeevident in its dynamics.In conventionalcomputer
programming,the ability of the programto carry out a desiredbehavior mustbe specified
by the programmer. Thefield of evolutionarycomputationincludesthe studyanddesignof
algorithmsin whichadaptationis anemergentpropertyachievedby theDarwinianprocessof
selectiononheritablevariationfor adaptations.

But adaptationis not the only emergentpropertythat canbe exhibited by evolutionary
algorithms. The phenomenonof hybrid inviability betweensubpopulations,which implies
coadaptationwithin theevolvedgenomes, hasbeennotedfor GAs andGP. Evolutionaryal-
gorithmscanbedesignedsothattwo otherpropertiescanemergeaswell: theevolutionof the
genetictransmissionfunctionandtheevolutionof therepresentation.In classical,fixedlength
geneticalgorithms(GAs) , andin the simplestevolution strategies , the geneticsandrepre-
sentationarespecifiedandfixedat theoutset.But early on in thedevelopmentof evolution
strategiesandlaterwith GAs modifiergenescontrollingthegeneticoperatorswereincluded
in thegenotype,allowing adaptationof thegeneticoperatorsasanemergentproperty.

Representationshavebeenmadeto adaptasanemergentpropertyin GAsby using“adap-
tive parameterencoding”and“messyGAs” .

Selectionis usuallya specifiedpropertyof evolutionaryalgorithms,but in someartificial
life programssuchasTierra , selectionemergesfrom thedynamicsof self-replication.

A roughcategorization of differentdynamicalsystemsby whetherthepropertiessuchas�
pp. 233-241in Proceedingsof theThird AnnualConferenceonEvolutionaryProgramming:24-25February

1994,SanDiego,California, Anthony V. SebaldandLawrenceJ.Fogel,ed.,World Scientific,Singapore.
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Table1: A roughcategorization of emergentandspecifiedpropertiesof different adaptive
systems.E = emergent,S= specified,— = notapplicable.

PHENOMENON
SYSTEM Adaptation Selection Genetics Representation
Analytic design S — — —
Gradientascent E — — —

ClassicalGA, EP E S S S
EvolutionStrategies E S E/S S

GA w/ modifiers E S E/S S
GP E S E/S E/S

Artificial-Life E E E/S E/S
Life E E E E

adaptation,selection,genetics,andrepresentationarespecified,emergentor a combinationis
givenin Table1..

In geneticprogramming(GP),becauseof the indeterminatesize,structureandalgorith-
mic propertiesof thetree-structuredrepresentation,boththegeneticsandrepresentationcan
evolve asanemergentpropertyof thedynamics.ThusGPhasanintermediatecombinationof
emergentandspecifiedfeatures[WalterTackett,personalcommunication].

In this paperI review currentideasaboutemergentphenomenain GP, includingtheevo-
lution of “junk code”, andthe evolution of representations.The issueI have focusedon in
the evolution of representationsis their evolvability, i.e. the probability that alterationsin a
programcanproducea fitnessincrease.Previous work on this is summarized.I thentake
up in greaterdetail theanalysisof a conjectureI madeon a selectionoperator— soft brood
selection— designedto increasetheevolvability of codethat is producedin GP. Theresults
aresupportive of theconjecture.

1.1. “Junkcode” andRecombinationModification

The phenomenonof “bloating” hasbeenobserved in typical GP runs,in which the average
programsizeswellsasthepopulationof programsmaturesunderrepeatedactionof selection
andrecombinationoperators.Muchof this swellingappearsto bedueto theaccumulationof
“junk code”— codethatcanbeeliminatedwithoutchangingthebehavior of theprogram.The
emergenceof junk codemaybeanalogousto theevolutionof “junk DNA” foundin eukaryotic
genomes, suchasintrons,whichin recentGA experimentshavebeenintroducedby handinto
therepresentation. Junkcodedoesnotcontributeto fitness,but it modifiestherecombination
operatorby increasingtherecombinationratesbetweenthecodeflankingthejunk code,and
decrementsrecombinationelsewhereby absorbingrecombinationevents.

Severalideashavebeenofferedto explaintheevolutionof junkcode.The“defenseagainst
crossover” hypothesisposesthatjunkcodeabsorbscrossoverevents,andtheirneutraloutcome
on fitnessis anadvantageover recombinationeventsthatdisruptprogramfunction. As such,
“defenseagainstcrossover” is in keepingwith the heuristic“Principle of Minimum Genetic
Load” offeredasaguidingprinciplefor theevolution of geneticsystems.It is quitesimilar to
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the“mutation-absorption” modelfor theevolution of smoothadaptive landscapes
�

, andsuf-
fersfrom thesamemechanisticproblem:In orderfor selectionto systematicallyincreasethe
frequency of junk code,the junk code,which is selectively neutral,hasto generateassocia-
tionswith selectively advantageouscode. But asatargetfor crossover, crossover itself severs
theassociation.Thus,junk codewould not behave asallelic modifiersof recombinationrate,
norbesubjectto thetheorydevelopedfor suchmodifiers.

Thehitchhikinghypothesis[WalterTackett, personalcommunication]suggeststhat junk
codeis hitchhikingalongwith usefulcodeandthis causesprogrambloating.As describedin
item 1 below, subexpressionscanemergeasa level of replicatorin GP, andthis hitchhiking
wouldhaveto beat this level of selection.Junkcodethathappenedto beassociatedwith code
thatis proliferatingwithin programsbecauseof its effectsonfitnesswouldalsoproliferate.

Thehitchhikinghypothesishasa soundmechanisticunderpinning.But I would suggest
further that programbloating with junk codemay be simply driven by the recombination
operator, a neutraldiffusion processwith upward drift. In otherwords,even in the absence
of selectionon programs,programsmight be expectedto bloat becauseof the asymmetry
betweenadditionanddeletionof codeat thelower boundaryof programsize.Thisconjecture
canbereadilytested.

1.2. Evolutionof theRepresentation

Theway changesin thedatastructureof a programmapto changesin its performancecom-
prisesthe variational propertiesof its representation.In orderfor evolution in geneticpro-
grammingto achieve performanceincreases,the representationsmustgive a non-vanishing
likelihoodthatvariationproducesperformanceimprovements,andthis propertyI refer to as
“evolvability” . Theindeterminatenatureof thestructureof programsin GPallows theevolu-
tion of evolvability asanemergentproperty. My mainhypothesesregardingtheevolution of
representationsin GParesummarized:

1. Becausethe recombinationoperatorcan producemultiple copiesof subexpressions
within programs,subexpressionsemergeasa new level of replicatorthroughtheir pos-
sibledifferentialproliferation.

2. Theproliferationrateof a subexpression,i.e. its “constructional” fitness,is determined
by thedistribution of fitnesschangescausedby its insertionor deletionin theprograms
in thepopulation,in concertwith thepopulationdynamics:

(a) In conditionstypicalof biologicalevolution, in which new copiesof a subexpres-
siongo to fixationbeforerecombinationchangesit again,subexpressionsincrease
in numberproportionalto their chanceof increasingfitnesswhenaddedto pro-
gramsin the population(their evolvability value). Thus evolvability increases
in the populationin proportionto the variancein evolvability valuesamongthe
subexpressions(Theorem4 in ).�

Conrad,it shouldbe noted,is amongthe first to considerthe evolution of the geneticrepresentationasa
meansto increaseevolvability, mechanisticdifficultiesnotwithstanding.



4 LEE ALTENBERG

(b) In conditionstypical of GPruns,with recombinationratesandselectionrateson
the sameorder, neutralor near-neutral(“conservative”) subexpressionsmy have
the highestconstructionalfitness. This would be especiallytrue whena mature
populationhasreacheda recombination-selection balance.Thusthe representa-
tion may evolve away from high evolvability toward robustnessof fitnessin the
presenceof recombination,reducingtherateof adaptation.

3. In orderto controltheevolutionof therepresentationtowardgreaterevolvability, anum-
berof modificationsof thepopulationdynamicsareproposed:theseincludeestimating
theevolvability valueof subexpressionsandadaptingtherecombinationoperatorto use
themmoreoften,anda reproductive operator:soft broodselection.

The ideabehindsoft broodselectionis to shieldreproductionfrom the costsof produc-
ing deleteriousoffspring. Soft broodselectionaccomplishesthis by holding a tournament
betweenthe membersof a broodof two parents,andusingthe winnerasthe offspringcon-
tributedby thatmating. It is “soft” selectionbecauseoneoffspring is contributedregardless
of theoffspringfitnesses.Theproductionof deleteriousoffspringis oneof thecostsof explo-
ration. Whenrecombinationratesarehigh, andpopulationsneara recombination-selection
balance,it is moreof apremiumto have highaverage offspringviability thanhigh likelihood
of offspringbeingfitter thanparentswhenthis concurrentlydepressestheaverageoffspring
viability. Softbroodselectionshouldshift constructionalselectionaway from anemphasison
subexpressionsthatyield highaverageoffspringviability to thosethatyield highevolvability.
It shouldbeableto alterthevariationalpropertiesof thecodethatemergesfrom theGPrun.

2. A Model of Genetic Programming Dynamics

Toanalyzetheeffectof softbroodselection,asimplemodelof geneticprogrammingdynamics
canbeformulated.HereI assumethat theonly geneticoperatoris recombination.Thepop-
ulation dynamicsassumegenerationalreproduction(discrete,non-overlappinggenerations),
theinfinite populationsizelimit, andfrequency-independent selection.TheGPalgorithmwill
thusbe:

1. Pairsof parentsarepickedthroughroulettewheelselection;

2. With probability � (theprobabilityof no recombination),oneof theparentsis chosen
as the contribution of this mating to the next generation;with probability

��� � , an
offspringproducedby applyingtherecombinationoperator, with or without soft brood
selection,is contributedto thenext generation.

3. In thecaseof softbroodselection,abroodof size � is producedby eachmatedpairanda
tournamentheldbetweentheoffspring;thewinnerof thetournamentis thecontribution
of thismatedpair to thenext generation.

This is describedwith thesedefinitions.Let	
bethespaceof programs,and 
 bethespaceof differentsubexpressionsextractablefrom

programsin
	

by therecombinationoperator;
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�
� bethefrequency of program� in thepopulation;��� bethefitnessof program� , and ����� � ������� bethemeanfitnessof thepopulation;� betheprobabilityof recombinationduringreproduction;���������! 
betheprobabilitythattherecombinationoperatorpicksoutaparticularsubexpres-

sion
�

from aprogram
�

for recombinationinto theotherparent.So �#"%$'& �(���)���! � �
,

for all
�+* 	

;, � � �.-0/1�2 
be the probability that when subexpression

�
is recombinedinto program

-
it

producesprogram� . So � � $13 , � � �.-0/1�2 � �
, for all � * 	 . Notethat

, � � �4-5/1�2 
is not

symmetricalin arguments
-

and
�
. In I erroneouslynotedthat

�(���6� �  879�(���6�:-; 
,

giventhatsubexpression
�

is addedto program
-

to makeprogram� ; clearlyit ispossible
thatasingle

�
couldreplaceasubtreecontainingseveralcopiesof

�
.

Thisyieldsthefollowing recursionfor thechangein frequency of program� in theabsence
of softbroodselection:

Recursion 1 (Genetic Programming Model)
Thefrequencyof program � in thenext generation is:�=<� � � �>� �  ���� �
�=? �:@A%B C $D3 � A � C� � � A � C @"E$'& , � � �.-0/1�2 ����������! 'F

(1)

2.1. The“ConstructionalFitness”of a Subexpression

In analyzingtheevolution of therepresentations in GP, we would like to know how thecom-
positionof subexpressionswithin theprogramschangesasafunctionof theeffecteachsubex-
pressionhasonfitnesswhenrecombinedinto aprogram.Therateof proliferationof asubex-
pressionin thepopulationis measuredby thechangein theaveragevalueof

������� �  :G " � @� $13 �(���)� �  ��� /
the averagechancethat the recombinationoperatorwould pick subexpression

�
from a ran-

domlychosenprogram.UsingEq. (1) wehaveG;<" � @� $13 ������� �  �=<� (2)

� � �H� �  @� $D3 ������� �  ���� �
�=? � @� B A%B C $13 ������� �  � A � C� � � A � C @I $'& , � � �4-5/DJK ��(�LJM�N�= 'F
Eliminationof thetermtimes � givesa “SchemaTheorem”for geneticprogramming:G < "PO � �H� �  RQ "� G " /
where Q " � � � $D3 �(���S� �  �����
�UT � � $13 �����S� �  ��� is the marginal or “schema”fitnessof
subexpression

�
. But this is not usefulfor understandingtheevolution of therepresentations,
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sinceit is a pureselectioneffect without referenceto the geneticoperator, which is where
broodselectionacts.

Analysisof Eq. (2) is difficult due to the complex possibilitiesrelating
�����S� �  and�(���)�.-; 

when
-

is aparentof � . Instead,I examineherethefrequency with whichsubexpres-
sion

�
is usedto producetheoffspring � , with theexpectationthatgreateruseof a subexpres-

sionin producingthenext generationwouldbecorrelatedwith anincreasein G " .
2.2. Analysisof SoftBroodSelection

Wewishto know how differentsubexpressionscontributedifferentially to thecreationof new
programsin thepopulation.Webegin with thestatisticV)���0W -0/X�! � @ � , � � �4-5/1�2 X�(���)�N�= � �(���)�N�! '/
theproportionof offspringof parents

-
and

�
thatwereproducedby arecombinationof subex-

pression
�

into program
-
. Wewantto know how softbroodselectionchangestheproportion,V)���0W -0/X�! 1Y[Z]\

, of subexpression
�

contributedto thewinningoffspringof thebroodof size � .
Definethemeasurementfunction:^ � � �  �`_ � ���ba.�c ��� 7 � F

For any parentalpair d -0/X��e , theproportion,f AgC � �  , of theiroffspringwith fitnesslessthanor
equalto � is: f AgC � �  � @ � B " ^ � � �  , � � �4-5/1�2 h�(���)���! 'F
Let i AEC � �  be the proportionof offspring of parents

-
and

�
with fitnessequalto � . Thus,

allowing for discretemeasurein integration, f AEC � �  �.j!kl i AgC � G  =V G .
Lemma 1
Whentournamentselectionis appliedto a brood of size � from parents

-
and

�
, the proba-

bility that thefitnessof thewinningoffspringwill be lessthanor equalto � is f ZAgC � �  . The

proportion, i Y[Z]\AgC � �  , of winningoffspringwith fitnessequalto � will be

i YmZ]\AEC � �  � f ZAgC � �  �.n f AgC � �  � i AEC � �  po Zq �rf Z�s �AgC � �  i AEC � �  for small i AgC � �  tF
Lemma 2
Theeffect of softbroodselectionis to boosttheprobability that parents

-
and

�
producean

offspringwith fitness� by thefactoru � � W -0/X�! Y[Z]\ � i YmZ]\AEC � �  T i AEC � �  q �rf Z�s �AgC � �  for small i AEC � �  tF (3)

Usingthelemmasweobtain:
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Recursion 2
Undersoftbroodselectionwith a broodsize � , thefrequencyof program � in thenext genera-
tion is: � < � � � �h� �  ���� �
�=? �:@A%B C $D3 � A � C� � � A � C u � ��� W -0/X�! Y[Z]\ @"E$'& , � � �.-0/1�2 ����������! 'F

(4)

and:

Theorem 1 (Soft Brood Selection)
Whentournamentselectionis appliedto a broodof size� fromparents

-
and

�
, theprobability,V)���0W -0/X�! 1Y[Z]\

that thewinningoffspringwill becreatedbythecontributionof subexpression
�

is:V����5W -5/D�= YmZ]\ � �(���)���! @ � u � ��� W -0/X�! Y[Z]\ , � � �.-0/1�2 
q � �(���)�N�= @ � f Z�s �AEC � ���  , � � �.-0/1�2 

with small i AEC � ���  for all � F (5)vxw�yMy1z
. GivenLemma1, all weneedincludeis

, � � �{-5/1�2 T i AgC � ���  , theprobabilitythatthe
winner is � giventhewinnerhasfitness�|�}��� . Summingover all possibleoffspring � gives
us
V)���0W -0/X�! 

.

FromEq. (5), thefactoru ���5W -5/D�= YmZ]\ � @ � u � ��� W -0/X�! Y[Z]\ , � � �.-0/1�2 q � @ � f Z�s �AEC � ���  , � � �.-0/1�2 
amountsto a selectioncoefficient on subexpression

�
dueto broodselection,in termsof its

participation in offspring production. This selectioncoefficient is a projectionof the distri-
bution

, � � �~-0/1�2 
onto f Z�s �AEC � ���  . In the caseof no broodselection( � � �

), it canbeseen
that u ���0W -5/X�! YmZ]\ � �

. As brood selectionincreaseswith larger � , the factors f Z�s �AgC � ���  re-
mainsubstantialonly for higherandhigher ��� . It is assumedthatboostinga subexpression’s
participation in offspringproductionwill enrichtheoffspringfor this subexpression.

Hence,thesubexpressionswith thegreatestprobabilityof producingoffspringwith high
fitnessgain the largestbroodselectioncoefficients. The probability of producingoffspring
with low fitnessis irrelevant to the calculationof

V)���0W -5/X�! 1YmZ]\
underlarge broodsizebecause

theterms f Z�s �AEC � ���  arenegligible. Thus,reproductionis shieldedfrom theeffectof producing
deleteriousoffspring, andonly the evolvability valueof the subexpressionis relevant to its
transmission.

Theaverageparticipationof subexpression
�

in reproductionover thewholepopulationisV)���2 Y[Z]\ � @ A%B C V)���0W -0/X�! Y[Z]\ � A � C� � � A � C (6)

q �M@ A%B C � A � C� � � A � C �(���)���! @ � f Z�s �AEC � ���  , � � �.-0/1�2 
with small i AgC � ���  �� � /�-0/X�MF

This mean“prolificacy” of subexpression
�

thusdependson thefrequencies,�
� , of programs
in the population. From onegenerationto the next it is unlikely to changemuch,but over
thecourseof aGPrun,subexpressionsmaychangein their relative prolificacy, asseenin and
elsewhere.
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3. Discussion

Geneticprogrammingexhibitsseveralemergentphenomenanot foundin classicalgenetical-
gorithms,includingprogrambloating,thedifferentialproliferationof subexpressions,andthe
evolution of the variationalpropertiesof theprogramrepresentations.For an understanding
of thesephenomenaoneneedsto turn to the populationgeneticdynamicsof the algorithm.
Programbloatingmay representhitchhiking or simply neutraldiffusion with upward drift.
The evolution of representationshasbeenhypothesizedto result from the proliferation of
subexpressionswithin programsasa consequenceof the fitnessdistribution of recombinant
offspringresultingfrom subexpressionexchange,anddependsonthemagnitudeof therecom-
binationrateandthematurityof thepopulation.

Softbroodselectionhasbeenproposedasamethodof shiftingtheevolutionof representa-
tionsaway from a conservative strategy towardanexploratorystrategy. HereI have analyzed
the effect of soft broodselectionon the differentialcontribution of differentsubexpressions
towardreproduction.Theresultshows thatlargerbroodsizegivesanadvantageto subexpres-
sionswith highevolvability value,regardlessof theiraverageeffect onoffspringfitness.

Theproductionof large broodsmultiplies the computationaleffort in theGPrun. How-
ever, by usingreducednumbersof fitnesscasesduringthebroodselectiontournament, which
merelyincreasesthevariancein theeffect of broodselectionon subexpressions,thecompu-
tationaleffort canbekeptthesameasin theabsenceof broodselection.Thentheconjectured
increasetheevolvability of the populationcouldmake soft broodselectionanadvantageous
operatorin geneticprogramming.
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