EMERGENT PHENOMENA IN GENETIC PROGRAMMING!

LEE ALTENBERG
Instituteof StatisticsandDecisionSciences
Duke University Durham,NC 27708-0251USA

ABSTRACT

Evolutionary computationsystemsexhibit variousemegentphenomenapri-
mary of which is adaptation.In geneticprogramming becauseof the inde-
terminatenatureof the representationthe evolution of both recombination
distributions and representationsan emege from the populationdynamics.
A review of ideason thesephenomenas presentedincluding theoryon the
evolution of evolvability throughdifferential proliferation of subexpressions
within programs An analysiss givenof a modelof geneticprogrammingdy-
namicsthatis supportve of the“Soft Brood Selection”conjecturewhich was
proposedasa meango counteractheemegenceof highly conserative code,
andinsteadfavor highly evolvablecode.

1. Introduction

Theability of complex systemdo exhibit emegentpropertiess oneof their mainattractions
assubjectof study By “emegent” | heremeanbehaiors thatarenot describedn the spec-
ification of the system but which becomeevidentin its dynamics.In conventionalcomputer
programming the ability of the programto carry out a desiredbehaior mustbe specified
by the programmer The field of evolutionary computationncludesthe studyanddesignof
algorithmsin which adaptations anemepgentpropertyachiezed by the Darwinianprocesf
selectionon heritablevariationfor adaptations.

But adaptationis not the only emepgent propertythat can be exhibited by evolutionary
algorithms. The phenomenorof hybrid inviability betweensubpopulationswhich implies
coadaptationvithin the evolved genomes hasbeennotedfor GAs andGP. Evolutionaryal-
gorithmscanbe designedothattwo otherpropertiecanemegeaswell: theevolution of the
genetidransmissioriunctionandtheevolution of therepresentationn classicalfixedlength
geneticalgorithms(GAs) , andin the simplestevolution stratgies, the geneticsandrepre-
sentationare specifiedandfixed at the outset. But early on in the developmentof evolution
stratgiesandlater with GAs modifiergenescontrollingthe geneticoperatorsvereincluded
in the genotypeallowing adaptatiorof the geneticoperatorasanemegentproperty

Representationsave beenmadeto adaptasanemegentpropertyin GAs by using“adap-
tive parameteencoding’and“messyGAs” .

Selectionis usuallya specifiedpropertyof evolutionaryalgorithms but in someatrtificial
life programssuchasTierra, selectionremegesfrom the dynamicsof self-replicaton.

A roughcateyorizaton of differentdynamicalsystemsy whetherthe propertiessuchas

!pp. 233-241in Proceeding®fthe Third AnnualConfeenceon EvolutionaryProgramming:24-25February
1994,SanDiego, California, Anthory V. SebaldandLawrencel. Fogel,ed.,World Scientific,Singapore.
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Table1: A roughcatgorizaton of emegentand specifiedpropertiesof differentadaptve
systemsE = emegent,S = specified— = notapplicable.

PHENOMENON
SYSTEM Adaptation| Selection| Genetics| Representation
Analytic design S — — —
Gradientascent E — — —
ClassicalGA, EP E S S S
Evolution Stratgies 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

adaptationselectiongeneticsandrepresentatioarespecified gmegentor acombinations
givenin Tablel.

In geneticprogramming(GP), becausef the indeterminatesize, structureandalgorith-
mic propertiesof thetree-structuredepresentatiorhoth the geneticsandrepresentatiocan
evolve asanemepentpropertyof thedynamics. ThusGP hasanintermediateeombinatiorof
emegentandspecifiedeaturedWalter Taclkett, personatommunication].

In this paperl review currentideasaboutemegentphenomenan GPR includingthe evo-
lution of “junk code”, andthe evolution of representationsThe issuel have focusedon in
the evolution of representations their evolvability, i.e. the probability that alterationsn a
programcan producea fithessincrease.Previous work on this is summarized.l thentake
up in greaterdetail the analysisof a conjecturd madeon a selectionoperator— soft brood
selection— designedo increasehe evolvability of codethatis producedn GP. Theresults
aresupportve of the conjecture.

1.1. “Junkcode” and RecombinatioModification

The phenomenomf “bloating” hasbeenobsered in typical GP runs,in which the average
programsizeswellsasthe populationof programsmaturesunderrepeatedictionof selection
andrecombinatioroperatorsMuch of this swellingappearso be dueto the accumulatiorof
“ljunk code”— codethatcanbeeliminatedwithoutchanginghebehaior of theprogram.The
emepgenceof junk codemaybeanalogouso theevolution of “junk DNA” foundin eukaryotic
genomes suchasintrons,whichin recentGA experimentshave beenintroducedy handinto
therepresentationJunkcodedoesnot contritute to fithess but it modifiestherecombination
operatorby increasinghe recombinatiorratesbetweerthe codeflanking the junk code,and
decrementsecombinatiorelsevhereby absorbingecombinatiorevents.

Severalideashave beenofferedto explaintheevolution of junk code.The“defenseagainst
crosseoer” hypothesiposeghatjunk codeabsorbgrosseerevents,andtheirneutraloutcome
on fitnessis an adwantageover recombinatioreventsthatdisruptprogramfunction. As such,
“defenseagainstcrosseer” is in keepingwith the heuristic“Principle of Minimum Genetic
Load” offeredasa guidingprinciplefor theevolution of geneticsystemslt is quitesimilarto
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the “mutation-absorptin” modelfor the evolution of smoothadaptve landscapé’s, andsuf-

fersfrom the samemechanistigroblem:In orderfor selectionto systematicallyncreasehe

frequeng of junk code,the junk code,which is selectvely neutral,hasto generateassocia-
tionswith selectvely adwantageousode. But asatargetfor crosswer, crosseer itself severs

theassociationThus,junk codewould not behae asallelic modifiersof recombinatiorrate,

nor be subjectto thetheorydevelopedfor suchmodifiers.

The hitchhiking hypothesidWalter Taclett, personatommunicationsuggestshatjunk
codeis hitchhikingalongwith usefulcodeandthis causeprogrambloating. As describedn
item 1 below, subepressioncanemepge asa level of replicatorin GP, andthis hitchhiking
would haveto beatthislevel of selection.Junkcodethathappenedo beassociatedvith code
thatis proliferatingwithin programdecausef its effectson fitnesswould alsoproliferate.

The hitchhiking hypothesishasa soundmechanistiaunderpinning.But | would suggest
further that programbloating with junk code may be simply driven by the recombination
operatoy a neutraldiffusion processwith upward drift. In otherwords,evenin the absence
of selectionon programs,programsmight be expectedto bloat becauseof the asymmetry
betweeradditionanddeletionof codeatthelower boundaryof programsize. This conjecture
canbereadilytested.

1.2. Evolutionof the Repesentation

Theway changesn the datastructureof a programmapto changesn its performanceom-
prisesthe variational propertiesof its representationin orderfor evolution in geneticpro-
grammingto achiere performancencreasesthe representationmustgive a non-vanishing
likelihoodthat variationproducegerformancemprovementsandthis propertyl referto as
“evolvability”. Theindeterminatenatureof the structureof programsn GP allows the evolu-
tion of evolvability asanemegentproperty My mainhypothesesegardingthe evolution of
representations GP aresummarized:

1. Becausethe recombinationoperatorcan producemultiple copiesof subepressions
within programssubepressiongmege asa new level of replicatorthroughtheir pos-
sibledifferentialproliferation.

2. Theproliferationrateof a subexpressionj.e. its “constructiondl fithess,is determined
by thedistribution of fithesschangesausedy its insertionor deletionin theprograms
in the population,jn concertwith the populationdynamics:

(a) In conditionstypical of biologicalevolution, in which new copiesof a subepres-
siongoto fixation beforerecombinatiorchangest again,subepressionsncrease
in numberproportionalto their chanceof increasingfitnesswhenaddedto pro-
gramsin the population(their evolvability value). Thus evolvability increases
in the populationin proportionto the variancein evolvability valuesamongthe
subepressiongTheorend in ).

2Conrad,it shouldbe noted,is amongthe first to considerthe evolution of the geneticrepresentatiomsa
meando increasevolvability, mechanistidifficulties notwithstanding.
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(b) In conditionstypical of GP runs,with recombinatiorratesandselectionrateson
the sameorder neutralor nearneutral(“consenative”) subepressionsny have
the highestconstructionafitness. This would be especiallytrue whena mature
populationhasreacheda recombination-seltion balance. Thusthe representa-
tion may evolve away from high evolvability toward robustnesof fitnessin the
presencef recombinationreducingthe rateof adaptation.

3. Inorderto controltheevolution of therepresentatiotowardgreateevolvability, anum-
berof modificationsof the populationdynamicsareproposedtheseincludeestimating
theevolvability valueof subepressionandadaptingherecombinatioroperatoito use
themmoreoften,andareproductre operator:soft broodselection.

Theideabehindsoft broodselectionis to shieldreproductionfrom the costsof produc-
ing deleteriousoffspring. Soft brood selectionaccomplisheshis by holding a tournament
betweerthe membersof a broodof two parentsandusingthe winner asthe offspring con-
tributedby thatmating. It is “soft” selectionbecausene offspringis contritutedregardless
of the offspringfitnessesThe productionof deleteriousffspringis oneof the costsof explo-
ration. Whenrecombinatiorratesare high, and populationsneara recombination-settion
balancejt is moreof a premiumto have high avelage offspringviability thanhighlikelihood
of offspring beingfitter than parentswhenthis concurrentlydepressethe averageoffspring
viability. Softbroodselectionshouldshift constructionaselectioraway from anemphasi®n
subexpressionshatyield high averageoffspring viability to thosethatyield high evolvability.
It shouldbeableto alterthevariationalpropertiesof the codethatemegesfrom the GPrun.

2. A Modd of Genetic Programming Dynamics

Toanalyzetheeffectof softbroodselectionasimplemodelof genetigorogramminglynamics
canbeformulated.Herel assumeéhatthe only geneticoperatoris recombination.The pop-
ulation dynamicsassumegenerationateproduction(discrete ,non-overlappinggenerations),
theinfinite populationsizelimit, andfrequeng-indepewlert selection.The GPalgorithmwill
thusbe:

1. Pairsof parentsarepickedthroughroulettewheelselection;

2. With probability o (the probability of no recombination)pne of the parentss chosen
asthe contrilution of this matingto the next generation,with probability 1 — «, an
offspring producedby applyingthe recombinatioroperatoyrwith or without soft brood
selectionjs contributedto the next generation.

3. Inthecaseof softbroodselectionabroodof sized is producedy eachmatedpairanda
tournamenheldbetweertheoffspring; thewinnerof thetournaments the contritution
of this matedpair to the next generation.

Thisis describedvith thesedefinitions.Let

P bethespaceof programsandsS bethe spaceof differentsubexpressiongxtractablefrom
programsn P by therecombinatioroperator;
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x; bethefrequeng of programi in the population;
w; bethefitnessof programi, andw = ¥}, w;z; bethemeanfitnessof the population;
a betheprobability of recombinatiorduringreproduction;

C(s<+ k) betheprobabilitythattherecombinatioroperatompicksouta particularsubexpres-
sions from aprogramk for recombinatiorinto theotherparent.Soy- s C (s« k) = 1,
forall k € P;

P(i<+7,s) be the probability that when subepressions is recombinednto programj it
produceprogrami. S0Y_,cp P(i«+j,s) = 1,forall i € P. NotethatP (i<« j, s) is not
symmetricalin agumentsj ands. In | erroneouslynotedthatC'(s « i) > C(s + j),
giventhatsubepressiors is addedo prograny to make prograny; clearlyit is possible
thatasingles couldreplacea subtreecontainingseveral copiesof s.

Thisyieldsthefollowing recursiorfor thechangen frequeng of program: in theabsence
of softbroodselection:

Recursion 1 (Genetic Programming M odel)
Thefrequencyof program: in thenext geneationis:

x(i:(l—a)g.ri—l—oa Z %xﬂkZP(i%j,s)C(s%k}. (1)
— T

w jkep W ses
2.1. The"“ConstructionalFitness” of a Sube&pression

In analyzingthe evolution of therepresentatiain GP, we would like to know how the com-
positionof subepressionsvithin theprogramshangessafunctionof theeffecteachsube-
pressiorhason fithesswhenrecombinednto a program.Therateof proliferationof a sube-
pressiorin the populationis measuredby the changen theaveragevalueof C'(s«i):

Uy = Z C(s<1)z;,
i€P

the averagechancethat the recombinatioroperatorwould pick subepressions from aran-
domly chosemprogram.UsingEq. (1) we have

7, =Y CO(s<i)ah 2)
i€P
= (1—@)20(5%2’)%@4—@ > C(s<—i)u£§k zjxp Yy Plisj,r) C(rk).
icP w ij,keP w res

Eliminationof thetermtimesa givesa“Schemarheoremfor geneticprogramming:

w
wherev, = Y;cp C(s < t)w;x;/ Yiep C(s < i)x; is the mamginal or “schema”fithessof
subexpressions. But thisis not usefulfor understandinghe evolution of therepresentatias
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sinceit is a pure selectioneffect without referenceto the geneticoperator which is where
broodselectiomacts.

Analysisof Eqg. (2) is difficult dueto the complex possibilitiesrelating C (s < ) and
C(s<«j) whenj isaparentof i. Instead) examineherethefrequeng with which subexpres-
sion s is usedto producethe offspring, with the expectationthatgreateruseof a subexpres-
sionin producingthe next generatiorwould be correlatedwvith anincreasen .

2.2. Analysisof SoftBrood Selection

We wishto know how differentsubexpressiongontritute differentially to thecreationof new
programsn the population.We begin with the statistic

d(s|y, k) = ZP(H—j, s)C(s<k) = C(s<+k),

theproportionof offspringof parents andk thatwereproducedy arecombinatiorof sube-

pressiors into program;. We wantto knowv how soft broodselectionchangeshe proportion,

d(s|j,k)®, of subexpressions contritutedto thewinning offspringof the broodof sizeb.
Definethe measuremerfuinction:

1w <w
Fi(w) = { 0 w;, >w -~

For ary parentapair {j, k }, theproportion,G . (w), of their offspringwith fithesslessthanor
equalto w is:
Gir(w) = Fi(w) Pli<j.s) C(s<+k).

Let g;.(w) bethe proportionof offspring of parents; and & with fitnessequalto w. Thus,
allowing for discretemeasuren integration, G (w) = [y gjx(u) du.

Lemmal
Whentournamentselectionis appliedto a brood of sizeb from parents; and k, the proba-
bility that the fitnessof the winning offspring will be lessthanor equalto w is G%;(w). The

proportion,g,(.’,’i.) (w), of winning offspringwith fitnessequalto w will be

J

Ghy(w) = [Gan(w) — gan(w)]
~ bG (w) gje(w) for smallgy,(w).

b
2w

Lemma?2
Theeffect of softbrood selectionis to boostthe probability that parents; and &£ producean
offspringwith fitnessw by thefactor

3. 5)® = g8 (w) /g (w) = b G (w) for smallg;i(w). (3)

w(w

Usingthelemmaswe obtain:
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Recursion 2
Undersoftbrood selectiorwith a broodsizeb, thefrequencyof program: in the next genei-
tionis:
’ W; wi; ZUA . .
xi:(l—a)?:r +a > wz zjx w(w;lg, k) )ZP@(—],S)C(M—k). 4)

7,kEP seS

and:

Theorem 1 (Soft Brood Selection)
Whentournamenselectioris appliedto a broodof sizeb fromparents; andk, theprobability,
d(s|j,k)® thatthewinningoffspringwill becreatedby thecontribution of subepressions is:

d(sg, k)" = Clsek) P wlwilj, k) Plis=j,5)
~ bC(sk)DY Ghl (wy) Plivj.s) with smallg;,(w;) foralli.  (5)

Proof. GivenLemmal, all we needincludeis P (i< j, s)/g;.(w;), the probabilitythatthe
winneris ¢ giventhewinnerhasfitnessw = w;. Summingover all possibleoffspring: gives
usd(s|j, k). m

FromEq. (5), thefactor
o(s|g, k) = Zw(wi|j,k)(b)P (i<7,8) ~ bZG (w;) P(i<—7j,s)

amountsto a selectioncoeficient on subepressions dueto broodselection,in termsof its
participatio in offspring production. This selectioncoeficient is a projectionof the distri-
bution P(i < j. s) onto G4, " (w;). In the caseof no broodselection(b = 1), it canbe seen
thatw(s|j, k) = 1. As brood selectionincreasewith larger b, the factorsG’; " (w;) re-
main substantiabnly for higherandhigherw;. It is assumedhatboostinga subepressiors
participatia in offspringproductionwill enrichthe offspringfor this subepression.

Hence the subepressionswvith the greatesprobability of producingoffspring with high
fitnessgain the largestbrood selectioncoeficients. The probability of producingoffspring
with low fitnessis irrelevant to the calculationof d(s|j, k) underlarge broodsize because
thetermng’.k‘,l(wi) arengyligible. Thus,reproductioris shieldedrom theeffect of producing
deleteriousoffspring, and only the evolvability value of the subexpressionis relevant to its
transmission.

Theaverageparticipationof subexpressions in reproductiorover thewhole populationis

_ u W
d(s)® = Zd slj, k) ¥ =Lt s (6)
o~ bzw]ul‘

This mean“prollflcacy of subepressions thusdepend®n the frequenciesy;, of programs
in the population. From one generatiorio the next it is unlikely to changemuch, but over
the courseof a GPrun, subepressionsgnaychangdn theirrelatve prolificag, asseenn and
elsavhere.

vjpC(s k) > Gt (w;) P(i<j,s) with smallg;.(w;) Vi, j, k.
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3. Discussion

Geneticprogrammingexhibits severalemegentphenomenaot foundin classicalgenetical-
gorithms,includingprogrambloating,thedifferentialproliferationof subepressionsandthe
evolution of the variationalpropertiesof the programrepresentationsi-or an understanding
of thesephenomenane needsto turn to the populationgeneticdynamicsof the algorithm.
Programbloating may represenhitchhiking or simply neutraldiffusion with upward drift.
The evolution of representationbas beenhypothesizedo result from the proliferation of
subexpressionswithin programsasa consequencef the fithessdistribution of recombinant
offspringresultingfrom subepressiorexchangeanddepend®nthemagnitudeof therecom-
binationrateandthe maturity of the population.

Softbroodselectiorhasbeenproposedsa methodof shiftingtheevolution of representa-
tionsaway from a conserative stratgy toward anexploratorystratgy. Herel have analyzed
the effect of soft broodselectionon the differential contritution of differentsubepressions
towardreproductionTheresultshavs thatlargerbroodsizegivesanadwantageo subexpres-
sionswith high evolvability value,regardlesof their averageeffect on offspringfitness.

The productionof large broodsmultiplies the computationakffort in the GP run. How-
ever, by usingreducechumbersof fithesscasegluringthe broodselectiortournament which
merelyincreaseshe variancein the effect of broodselectionon subepressionsthe compu-
tationaleffort canbe keptthe sameasin theabsencef broodselection.Thenthe conjectured
increasethe evolvability of the populationcould malke soft brood selectionan advantageous
operatorin geneticporogramming.
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