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�

andStevenGustafson
�

�
ComputerandAutomationResearchInstitute,HungarianAcademyof Sciences,

1518Budapest,P.O.B.63,Hungary
ekart@sztaki.hu�

Schoolof ComputerScience& IT, Universityof Nottingham,
JubileeCampus,WollatonRd,Nottingham,NG81BB,UnitedKingdom

smg@cs.nott.ac.uk

Abstract. Populationmeasuresfor geneticprogramsaredefinedandanalysed
in anattemptto betterunderstandthebehaviour of geneticprogramming.Some
measuresaresimple,but do not provide sufficient insight.Themoremeaningful
onesare complex and take extra computationtime. Here we presenta unified
view on thecomputationof populationmeasuresthroughan informationhyper-
tree(iTree).TheiTreeallows for aunifiedandefficientcalculationof population
measuresvia a basictreetraversal.

1 Intr oduction

“Thingsshouldbeassimpleaspossible,but not simpler.”
Albert Einstein

A populationsearchmethodusingvariablelengthrepresentation(suchasgeneticpro-
gramming)requiresexpensive measuresto collect, mine andvisualisedynamicsdue
to the repeatedtraversalof individualsmakingup the population.For the researcher,
it would be useful to quickly have an overview of populationdynamics,which often
involvescomplex computations.However, it is essentialto employ measureswhich are
easyto use,intuitive, andefficient to computein order to reducethe complexity and
expenseof suchanalysis.Implementingsuchmeasuresis usually difficult and time
consuming.Instead,thecomplexity of theanalysis,algorithmor problemaretypically
reducedto allow for detailedanalysis.

We introduceanadvanceddatastructurethat is efficient to maintain,offersa com-
pactview onapopulationof treestructuredgeneticprogramsandallowsfor theefficient
computationof many populationmeasures.In this way, exploratoryanalysisbeyond
simplemeasures(like fitness,nodecountsor diversitybasedon uniqueness)becomes
moreaccessibleto theresearcher.

Our datastructurecapturesthe populationinformationneededto computeseveral
simpleandcomplex measures.Thedatastructure(the informationtree,or “iT ree”) is
realisedasa “hyper-tree”on thepopulationof trees.TheiTreerepresentstheinforma-
tion obtainedfrom a completetraversalof the individualsin the population.Theuses
of theiTreearetwo-fold:



– theiTreemakesthecomputationof many usefulpopulationmeasurespossibleand
efficientand

– theiTreecanbevisualised,offeringcompactviewsof thepopulation.

We first introducethe informationhyper-treeanddemonstratehow it improvestheef-
ficiency of several measures.We then discussseveral more complex and expensive
measures,which becomeaccessibleandintuitive with the help of the iTree.We also
describetypical situationsthatcall for iTreevisualisation.

2 The Inf ormation Hyper-tr eeof a Population

We introducethe information hyper-tree(iTree) for a populationas a datastructure
thatcollectsimportantdetailsof theindividualsmakingup thepopulationin oneeasily
accessibleplace.We constructthe iTreeof a populationof geneticprogramsbasedon
two principles:

1. Thestructure of theiTreemustbesuch that it incorporatethestructure of anytree
in thepopulation.Therefore,theiTreewill havea nodeat somelocationif thereis
at leastonememberof thepopulationhaving a nodeat thesamelocation.

2. Each nodeof the iTreeshouldcapture the populationinformationrelatedto that
particular nodeposition.In thebasiccase,this informationis thenumberof trees
in thepopulationthathaveanodeat thegivenlocation.

In Fig. 1 we show exampleiTreesfor threesmall populationsof genetictrees(for a
symbolicregressionproblem).For simplicity, weonly look atbinarytrees,i.e.problems
whereall functionsaccepttwo arguments.The measurespresentedin Fig. 1 will be
explainedlater.

The iTreecanbe constructedfor any setof genetictrees,not only for the whole
population.For example,the iTree correspondingto the most fit individuals during
a run could provide information about the expectedstructureof the solution to the
problem.TheiTreecorrespondingto all individualsvisitedduringa run couldprovide
informationabouttheregionof thetreesearchspacecoveredby therun.TheiTreecor-
respondingto thesolutionsof a numberof runscoulduncoverstructuralsimilaritiesor
differencesof thefoundsolutionsandcontributeto theunderstandingof GP-hardness,
for exampleby complementingDaidaet al.’s study[4].

We constructtheiTreein a top-down manner, startingfrom theroot.Consequently,
theiTreewill reflectthetop-downstructureof therepresentedtrees.Thisapproachis the
oppositeof Keijzer’sbottom-upmethod[6]. Hebuildsthetreesstartingfrom theleaves,
andby representingonly oncethecommonsubtreesthatoccurin differentindividuals
hecanspace-efficiently representapopulation.In themeantime,theiTree’spurposeis
to make possiblethecomputationof complex measuresfor any setof genetictrees.As
subtree-basedmeasuresarenot thatstraight-forwardto computewith theiTree,thetwo
methodscouldbeusedin conjunction.

In the subsequentsectionswe shall describethe computationof populationmea-
suresbasedon the iTrees.We shall refer to the iTreesof populationsbut themeasures
for iTreesassociatedto othersetsof treescanbecomputedsimilarly.
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3 The NodeCoverageof a Population

Thereareanumberof meaningfulmeasuresthatcanbeeasilycomputedfrom thebasic
informationstoredin thenodesof the iTree.Thesemeasurescanbeusedin analysing
how well a populationexploresthesearchspaceof treestructures.We areableto find
answersto thefollowing questionsrelatedto apopulation

�
with corresponding���	��
�
 :

– How many nodepositionsarebeingexploredin the treesearchspace?This is the
numberof nodepositionsin abinarytreethatthepopulationsamplesby atleastone
member. This measurecanbefoundby simply countingthenodesof the ���	��


 ,� ��� ����� ���������� �!�#"�$

– How many geneticnodesaretherein thepopulation?We only have to sumup the
valuesstoredin thenodesof the �%�&��
�
 :� ��� ���'� ������(��� �)�+* � $
Whencomparingtwo populationsof trees,wecansaywhichoneis largerin terms
of nodenumbers.Notethatin orderto obtainthetotal numberof nodesin a popu-
lationwithoutusingtheiTree,onewouldhaveto sumupthesizesof individualsin
thepopulation.

– How full is the ���	��


 ?We cancomputethedegreeof fullnessas:�-, � ����� ". ��/0
 � ��� ������(�1�2�)� "354 �7698;:�<(�>= * � $
In order to obtain this measurewithout using the iTree,onewould have to do a
traversalof all treesin a population.For a full �%�&��
�
 , �-, � �����@? 
 ACB!D � ���	��
�
 � .
For verysparsetrees,

�-, � ���FE " .
If two populations

� � , � � have values
� ��� � � �HGI� ��� � � � , � �5� � � �HJI� ��� � � � (asin

Fig. 1), thenthesecondpopulationexploresa largerregionof thetreesearchspace,but
the first populationperformsa betterexplorationthroughmorerepresentativesof the
nodes.If

� � � � � ���K� � � �L,��
,
� � � � � �'�K� � � ��,M�

and
�-, � � � �NJ@�-, � ��,
�

(seeFig. 1)
then the first populationhasmorenodesat lower depth,i.e. hasmoreshallower and
fuller treesthanthesecondpopulation.Population

�L,
maycontaindeeperandsparser

treesthanpopulation
� � .

3.1 Entr opy

SupposetheiTreealsocontainsinformationaboutthedistributionof terminalandfunc-
tion valuesthat are coveredby eachnodein the population.We could associatean
entropy valueto eachiTreenodethat canshow how biasedthe populationis toward
specificvaluesin thenodes.For a givennode O , thedistribution of valuesover theset



of functionsandterminalsPRQS� is givenby TVU�PWQX� EZY
, whereT � . � is thenum-

berof genetictreesin thepopulationcontainingsymbol . in thelocationcorresponding
to node O . Theentropy of nodeO is then

[ � O ���I\ �] ��^L_`� T � . �acb ��^L_`� T �ed ��f7g
h T � . �acb ��^i_`� T �;d �
where f;g
h is the logarithmwith the basethe total numberof functionsandterminalsj PKQk� j

. Theclosertheentropy valueis to " , themoreuniform thedistribution is and
theclosertheentropy valueis to zero,themorebiasedthedistribution is. Theentropy
is alsoa measureof nodecontentdiversity: for a givennodeit hasa largervaluefor a
bettercoverageof thefunctionandterminalsetsandalowervaluefor aworsecoverage,
respectively.

4 Structural Diversity of a Population

Measuringgenotypediversity in tree-basedgeneticprogrammingcan be very time-
consuming.Structuraldiversity is usually measuredbasedon pairwisedistancesbe-
tweenindividualsin a population[1,5,8]. Usually, theaveragedistanceof two individ-
ualsin a populationis employed.Therefore,computingdiversity is very expensive: if
the populationsize is l , thereare lnm � l \ " � pairsof individuals.For eachpair� � , � � , thetimecomplexity of obtainingtheiredit distanceis o � j � � j m j � � j � . Similarly
to Wineberg andOppacher’s resultson geneticalgorithms[10], we cansignificantly
reducethecomputationtimeof structuraldiversitywhenusingtheiTree.

4.1 Edit Distance

The edit distanceof two labeledtreesis definedas the cost of shortestsequenceof
editingoperationsthattransformonetreeinto theother[7, 9]. Theeditingoperationsare
deletinganode,insertinganode,or changingthelabelof anode.In thebasiccaseeach
operationis consideredwith thesamecost.In orderto computethestructuraldiversity
of a population,we needto maintainthe symbol(terminalandfunction) distribution
in eachnodeof the iTree.Normally, diversitywould becalculatedastheaverageedit
distanceoverall pairsof individualsin thepopulation.Whencomparingtwo individual
treesnodeby node,threecasescanoccur:

1. Both treeshave thesamesymbolat theexaminedposition,thenodehasno contri-
bution to theedit distance;

2. Thetreeshave differentsymbolsat theexaminedposition,sothecostof changing
a labelis addedto theedit distance;or

3. Onetreehasno nodeat thegivenposition,sothecostof adding/deletinga nodeis
addedto theedit distance.

At the nodelevel in the iTree,eachindividual is representedby the numberof occur-
rencesof theindividual’ssymbolin thatposition.Thesameedit distancediversitycan



becalculatedby traversingthe iTreeandsummingup thenodes’contributions.Given
the distribution of symbolsfor a node,obtainingthe node’s contribution canbe for-
mulatedascountingthenumberof pairsof non-identicalsymbolsencounteredin that
positionin theiTree.3 Thenumberof pairsin asetof l symbolsis l � l \ " �qp 3 . Sim-
ilarly, thenumberof pairsin asubsetof T � . � identicalsymbolsis T � . � � T � . �r\ " �qp 3 .
So,thenumberof non-identicalpairsis

l � l \ " � p 3 \ a ] ��^L_`� T � . � � T � . �'\ " �qp 3� � " p 3 �ts l � \ l \ a T � . � �Fu a T � . �qv&� � " p 3 �ts l a T � . �r\ a T � . � � v� � " p 3 � a � lIT � . �w\ T � . � � �'� � " p 3 � a T � . � � l \ T � . �!� $
Thealgorithmfor computingdiversityastheaverageeditdistancebetweentwo individ-
ual treesof a populationof l treeswith corresponding���	��
�
 is presentedbelow. We
denoteby �xlyg ? 
 . thenumberof individualsin thepopulation,which sampletheroot
nodeof the ���	��
�
 . Thetimecomplexity of thealgorithmis o � j PcQX� j m . �x/0
 � ���	��
�
 �q� .
Diversity(iTree, N)
begin
dist=0;
if iNodes < N

dist := dist + iNodes x (N - iNodes);
for each symbol s encountered in the root of iTree D(s) times

dist := dist + D(s) x (N - D(s));
dist := dist / (N x (N - 1));
if the root has nonempty left child iLeft

dist := dist + Diversity(iLeft, N);
if the root has nonempty right child iRight

dist := dist + Diversity(iRight, N);
return dist;
end

4.2 DistanceBasedon Structural Comparison

Insteadof the edit distancewe can usethe distancebasedon structuralcomparison
describedin[5]. Thedistanceof two binarytreesO and z , with thetwo subtreesdenoted
as $ { 
�|�B and $ } �%h+DCB is definedas:

? � . B � O�~qz �F���� � ? � ��g�g�B � O � ~!��g�g�B � z �!�
if both O and z areleaves? � ��g�g�B � O � ~q��g�g�B � z �q� u�� m � ? � . B � O $ { 
�|�B�~ z $ { 
�|�B � u ? � . B � O $ } �7h�DCB�~qz $ } �%h+DCB �!� otherwise.

In the simplecase,whenwe just countthe differences,i.e.
? �e� ~!� �������
�

(Kronecker
delta),if we usetheiTreefor computingtheaveragedistanceof two treesin a popula-
tion, thecontributionof a nodeis thesameasin thecaseof theedit distance.Theonly
differencein thealgorithmis thatthediversityof subtreesis discounted:

3 For unified treatment,we canassumethat eachnodein the iTreerepresents�;�t������� nodes,�����;�t������� beingthenumberof “empty” symbols,or numberof individualsin thepopulation
whichhave no nodeat thatlocation.



if the root has nonempty left child iLeft
dist := dist + 1/K x Diversity(iLeft, N);

if the root has nonempty right child iRight
dist := dist + 1/K x Diversity(iRight, N);

In themoregeneralcase,computingthecontributionof anodebecomesmorecom-
plex,thetimeneededfor thisoperationbecomeso � j PkQ&� j � �

andconsequentlythetime
complexity of thealgorithmbecomeso � j PWQX� j � m . �x/0
 � ���	��
�
 �q� .
5 Distanceof Two Populations

As emphasisedby Wineberg andOppacher[10], the distanceof two – consecutive –
populationscan play an importantrole in understandingthe dynamicsof evolution-
arycomputationmethods.Insteadof computingpairwisedistancesbetweenindividuals
from the two populations,we caneasilyobtainthedistanceof the two populationsby
traversingtheir iTreesin parallel.

Normally, thedistancebetweentwo populationsis computedastheaveragedistance
betweenany two individualsfrom thetwo populations.Computingtheaveragedistance
diversityof apopulationis aspecialcaseof computingthedistanceof two populations,
namely, whenthe two populationsare identicalandwhenthe distanceof an individ-
ual to itself is not counted.If we usethe iTreesof the two populations,we obtainthe
following algorithmfor computingthe edit distanceof two populationsby generalis-
ing the algorithmpresentedin Section4.1.4 The time complexity of the algorithmiso � j PWQX� j m � . �x/0
 � ���	��
�
 " � u . �x/5
 � ���	��
�
 3 �q�!� .
Pop_Dist(iTree1, iTree2, N1, N2)
begin
dist=0;
if iNodes1 < N1

dist := dist + (N1 - iNodes1) x iNodes2
+ iNodes1 x (N2 -iNodes2);

for each symbol s, D1(s) times in iTree1, D2(s) times in iTree2
dist := dist + D1(s) x (N2 - D2(s))

+ (N1 -D1(s)) x D2(s);
dist := dist / (2 x (N1 x N2));
if at least one root has nonempty left child (iLeft1 or iLeft2)

dist := dist + Pop_dist(iLeft1, iLeft2, N1, N2);
if at least one root has nonempty right child (iRight1 or iRight2)

dist := dist + Pop_dist(iRight1, iRight2, N1, N2);
return dist;
end

In orderto obtainthedistancebasedon structuralcomparison,we only have to modify
therecursivecallsto includethediscounts,similarly to thestructuraldiversitypresented
in Section4.2.

6 The Imbalance of a Population

The iTreeof a populationcanprovide informationabouthow the populationsamples
differenttreestructures.A very unbalancediTreesuggestsa biasedsampling(specific,

4 Whenever onesubtreeis empty, we make the recursive call for thenull subtreerepresenting
zeronodes.



mostly sparsetreestructuresareoften presentin the population),whereasa balanced
iTreesuggestsuniform samplingof nodes.Theimbalanceof a populationcanbeseen
asan indicatorof the structuraldiversity of the population:(1) A largely unbalanced
iTreesuggeststhepresenceof many similar treesin a population(low diversity).(2) A
balancediTree correspondsto a populationthat covers the full tree structure.In an
extreme,but very unlikely casethis could be the resultof the populationcontaining
only full trees.Otherwise,the populationcontainsall sortsof structures,which cover
togetherthefull treestructure(highdiversity).

6.1 Original Imbalance

Colless[2] definesanimbalancemeasurefor aphylogenetictreeasthesumof absolute
differencesbetweenthesizesof thetwo subtreeslocatedat eachbifurcationin thetree
underconsideration.Weusethesameimbalancemeasurefor ourdatastructureandde-
noteit by �0z � . Weconsiderthesizeof asubtreeasthenumberof nodescontainedin it.
A fully balancediTreehasthesamenumberof nodesin all subtreesthathavethesame
parent.In thecaseof binarytrees,theonly fully balancedtreeof somegivendepthis the
completetreeof thesamedepth.A populationof treescorrespondingto afully balanced
iTreeexploresall thepossiblenodesin theprogramtreestructureto someextent.The
moreunbalancedaniTreeis, themoreunexploredregionsexist in the“structurespace”
of programtrees.In orderto saysomethingabouttheextentto which theprogramtree
structureis beingexplored,or moreexactly, how uniformly theprogramtreestructure
is beingexplored,we needa moredetailedmeasureof imbalance.

6.2 A Mor eSpecificImbalance

We considerthesameimbalancemeasurefor a population’s iTree,with theexception
that insteadof the size of a subtree,we usethe total numberof genetictree nodes
containedin that subtree(that is, the sumof nodenumbersfor eachiTreenode).We
denotethis type of imbalanceas �5z � andshow threeexamplesin Fig. 2. The most
unbalancediTreewouldhaveall nodesconcentratedin onesubtree.But if anodeof the
iTreehasany children,it musthavetwo children,bothrepresentingthesamenumberof
geneticnodes,dueto our restrictionof binaryfunctions.If wedenoteby * � thenumber
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of genetictreenodesatdepth� in aniTree,thelargestpossibleimbalance�5z � for atree
of depth � is

a����� � � � \ " � m * � (seetheexamplefor depth3 in Fig. 3(a)).5

A completelybalancediTreeis a full treewith uniformly distributedgeneticnodes
at eachdepth,with corresponding�0z � ���

. However, thereexist unbalancediTrees
with �5z � �I�

, suchastheexampleshown in Fig. 3(b). In suchcases,theoriginal im-
balancemeasure�5z � JW�

. Thetwo measuresareinsufficientby themselves,but, taken
together, they canshow whethera populationis exploring all regionsof the structure
searchspace( �5z � ), andto what extent the actuallyrepresentedregionsarebeingex-
plored( �5z � ). If an iTreehas �0z � ���

and �0z � � �
, the iTreeis a full treeof some

depth
?

andall nodelocationsat somedepth �&¡ ?
areexploredto thesameextent in

the population.This doesnot necessarilyinvolve just full treesin the population(see
Fig. 1 for example).
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7 Visualisation of the Inf ormation Hyper-tr ee

In ordertobetteranalyseandunderstandthedynamicsof geneticprogrammingruns,we
couldgraphicallyshow the iTreesor their partsassociatedto certaingroupsof genetic
trees.In many casesit is importantto seethe actualtreestructures.For instance,the
following questionshighlight theneedfor good,andsometimescomplex, visualisation
of thepopulation:

1. Whatare the mostcommonstructuresin the bestgeneticprogramsthat were en-
counteredduring a run? In orderto getananswer, we have to first quantify“most
common”and“best”, suchasthenodesthatoccurin at least§ �`¨ of thetreeswhose
fitnessis below

� $�" (if weareminimisingfitness).ThenweconstructtheiTreecor-
respondingto the genetictreesof desiredfitnessencounteredduring the run and
visualisethe nodesO of the iTreewith ©�ª©�« J�� $ § . A small treewould show that
thetreesaresimilar only at very low depth,meaningthata diversesetof solutions
hasbeenfound.A large,perhapssparsetreewouldshow thatgeneticprogramming
conducteda local searcharoundoneoptimum,wherethefoundstructureis a good
structure.In Fig. 4 we show themostcommonbesttreestructurethatemergedin

5 Proof.Thedifferencein nodenumbersat depth � of a fully unbalancediTreeis ¬¦­® ¯�°(± �5² ® .
Wecompletetheproof by summingup thesedifferences.



a run of a symbolicregressionproblem.We qualifiedall treeswith fitnessbelow� $ �5³ in thebestcategory. Outof the5100treesevaluatedduringtherun,2163trees
wereconsideredbest.Thelargecommonpartsuggestsalocalsearcharoundagood
structure.

Fig.4. Examplegoodcommonstructureevolvedin aGPrun

2. Whatmakesa goodprogram different from a bad program?Onepossibility is to
look at themostcommonpartof the iTreecorrespondingto thebesttreesandthe
mostcommonpartof theiTreecorrespondingto theworsttreesencounteredduring
therun.Onecouldalsodo a paralleltraversalof thetwo iTreesandshow only the
nodesthatarecommonin onegroup,but not in theother. For theexamplediscussed
at (1), 315 treeswerevery unfit, their mostcommonstructurewasthe full treeof
depth3.Thesetof unfit treeswasquitediverse,sowecanonly saythatthestructure
shown in Fig. 4 is good,andthestructuresdifferentfrom this onemightbebad.

3. How early in the run do thegoodstructuresemerge?Answeringthis questionin-
volvesa comparisonbetweentheiTreeof (1) andtheiTreesof populationsin sub-
sequentgenerations.

4. If therearecommonstructuresduringtherun, dothey heavilydependontheinitial
population?As in thecaseof question(2), we first have to look at theiTreeof the
run(or moreexactlyits mostcommonparts),andthencompareit with theiTreesof
populationsin subsequentgenerations.Thus,we couldfind whenthesestructures
first appeared.The earlier thesestructuresemerge, the more likely it is that they
dependon theinitial population.

8 CaseStudy

HerewepresentananalysisbasedoniTreesfor asymbolicregressionproblem.Weuse
the polynomial �;� u � $ 3 � � �e� \´� $ ³�� �e� u � $ ³5� �e� \R� $¶µ � with �c·¹¸ \ " ~ "�º . We show
the resultsfor 50 independentrunsof simplegeneticprogramming.The initialisation
methodis rampedhalf andhalf, populationshave size100,runsareallowed50 gener-
ations.Crossover probability of 90% andmutationprobability of 10% areemployed.
We analysethe iTreesfor the runsand the iTreescorrespondingto the bestand the
worstgeneticprogramsencounteredduringtherun, respectively. We classifiedasbest



the solution-qualitytrees(with |���B * 
 .�. ¡ � $ ��» ) andasworst the uselesstrees(with|��%B * 
 .�. J " ). 37 runsweresuccessful,4 runshadacceptablesolutionand9 runswere
unsuccessful.In thesuccessfulruns,thegoodtreessignificantlyoutnumbertheuseless
trees.

In Table1 we show thevaluesfor five iTree-basedmeasuresdescribedin Sections
3 and6. For all measures,the differencebetweenthe valuefor the bestiTreeandthe
worst iTreeis significant.ThebestiTreehasmorenodesthantheworst iTree,thetotal
numberof nodesin thebesttreesis larger thanthetotal numberof nodesin theworst
trees,meaningthatduringevolution moretime is spenton the goodtreesthanon the
badones.Thebesttreesarelargerandfuller thantheworstones.As shown in Fig. 5(a),
the runsproducingbettersolutionsevolve a larger rangeof mostly fuller trees.Also,
thebestiTreesarefuller thantheiTreesof theruns.

Table1. Themeasurescomputedon iTreesof runs,besttreesandworsttreesencounteredduring
theruns.Theaverageof 50 runsandcorrespondingconfidenceinterval (with 95%confidence)is
presentedin eachcase¼ � ¼ � ¼¾½ ¢�£ � ¢�£ �

[ ¿wÀ ¥ � ] [ ¿wÀ ¥
½
] [ ¿wÀ ¥

½
] [ ¿wÀ ¥
Á ]

Run ÂMÃ�Ä ÅiÆyÀMÀ
Ä Ç ÈMÉ
ÃLÆ¾ÅMÈ�Ä¶À Ç5Ä Ê�Ç�Æ ¥ Ä ÊMË È
Â�Ä Ë�ÆÌË�Ä É À2É�Â�Ä Ë�ÆSÇ�Ê�Ä Ç
Best È�À
Ä ÉLÆXË�Ä Â Ê�Ç
Ã�Ä ÃLÆ¾ÂMÈ�Ä Ã Ç5Ä Ã
ÈLÆ ¥ Ä ÊMÈ Ê�È�Ä ÂLÆSÇ5Ä Å À Ç�È�Ä È�ÆÌÈMÈ�Ä Ë
Worst À ¥ Ä ËLÆ¾Ê�Ä Ë À�Ê�Ä ÉLÆÌÇ5Ä Ë È�Ä ÅMÉLÆ ¥ Ä Ê
Ê Ë�Ä È�ÆkÀ
Ä Ë Â�Ä¶À#ÆXÊ�Ä È

An interestinglinearrelationshipemergesbetweentheimbalance( �0z � ) andthenumber
of nodes(

� � ) in the iTreesfor all threecases(Fig. 5(b)). The morenodesareinves-
tigated,themoreunbalancedthe iTreebecomes.This is somewhatexpectedandis in
line with theliteratureon codegrowth in geneticprogramming.

9 Conclusions

In this paper, we motivatedthe needfor an intermediatedatastructureby pointing to
the complexity requiredto conceive anddevelop populationmeasuresandvisualisa-
tions. In the absenceof efficient and intuitive methods,researchersoften reducethe
complexity of otheraspectsto makeanalysistractable.However, by usingtheproposed
iTree,severalpopulationmeasuresbecomeintuitive andmoreefficient thanthe tradi-
tional traversalsof thepopulation.Futuregeneticprogrammingsystemscanmake use
of a standardiseddatastructure,suchasthe iTree,to allow quicker developmentand
sharingof methodsandmeasuresto improvethedisseminationof scientificideas.
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