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ABSTRACT

In this paper we presentan approachto

the interactive developmentof programs
for image enhancement with Genetic
Programming (GP) based on pseudo-
colour transformations. In our approach
the user drivesGP by decidingwhich in-

dividual should be the winner in tourna-
ment selection. The presenceof the user
doesnot only allow running GP without

a fitnessfunction but it also transforms
GP into avery efficient search procedure
capable of producing effective solutions
to real-life problemsin only hundredsof

evaluations. In the paperwealsopropose
a strategy to further reduceuser inter-

action: we record the choicesmade by

the userin interactive runs and we later

usethem to build a model which canre-
place him/her in longer runs. Experi-

mental results with interactive GP and

with our usermodelling strategyare also
reported.

1 Intr oduction

In orderto useGeneticProgramming GP) to solve a prob-
lemit is usuallynecessaryo definea scalarfithessfunction
or at leasta criterion, inducinga total order, for comparing
pairsof solutions.However, in mary real-world situationst is

very difficult, if notimpossibleto formulatemathematically
asinglereasonablguality criterion. This happensfor exam-
ple,whenthe quality assessmelig basecbn multiple criteria
which are difficult to integrateinto a single scalarmeasure,
whensubjectve or qualitative criteriahaveto beusedor when
atraining setof input-outputpattern-pairss not availableor
cannotbecreateckasily

A large amount of work has beenrecently devoted to
solving the problem of incorporating multiple objective
functionsin evolutionary algorithms (EAs), the most fre-
quently studied technique being Pareto optimisation (see
for example [Goldbeg, 1989 FonsecandFleming,1995
Surryetal., 1995 Langdon,1995 Greenwwoodetal., 1994).
Somehev lessattention,at leastin the engineeringdomain,
hasbeendirectedto usingEAs in the absenc®f analgorith-
mic fitnessfunction.

Oneway of running EAs whena scalarfitnessfunctionis
not availableis to try andinduceonefrom a corpusof avail-
able datausing machinelearningtechniques. This method
hasbeenusedin [SpectorandAlpern, 1995, wherea setof
real jazz-fragmentsvasusedto train a neuralnetwork. The
network waslater usedto definea fitnessfunction for a GP-
basedmusicgeneratiorsystem:the network playedtherole
of acritic, GPwasthemusician.

A stratggy usedmore frequentlyto solwe this problemis
to introducethe humanexpert/userin the main loop of an
evolutionary algorithm and use him or her in the selection
phase This seemghemostnaturalapproactwhenonly qual-
itative/subjectre information (suchas that provided by hu-
manswhoseexpertiseis difficult to elicit and formalise)is
available or whenthe desiredoutput for the programto be
inducedis notknown atall.

For example, Dawkins [Dawkins,1987 evolved
biomorphs(insect-like creatures)ith an algorithm similar



to evolution stratgjiesin which the userselectedvhich crea-
ture would be usedto producea new generation. In his
seminalwork [Sims,199], Sims usedLisp S-expressions
with several differentmutationoperatordo evolve programs
which producedimagesand animationson the basisof a
user aestheticcriteria. Das et al. [Dasetal., 1994 used
Simss ideasto representand evolve interactvely 3—-D ob-
jects and soundswithin a virtual-reality environmentwith
GP (including also a recombinationoperator). Graf and
Banzhaf[Graf andBanzhaf, 1999 have recently applied a
similarstrategyy to breed?—Dimagesand3—-Dsolid objectsn-
teractiely usingatiepoint-basedepresentatiowithin a GA.
Biles [Biles, 1994 useda GA to evolve jazz soloson the ba-
sisof anumericfitnessvaluedefined entirelysubjectvely, by
auser

Most of the work summarisechbore hasbeenmotivated
by the desireto producecomputerart using EAs. How-
ever, Gruauet al. [GruauandQuatramaran 99§ have re-
cently appliedthis approach(using fithessvaluesassigned,
largely subjectvely, by the user)within cellularencoding-
basedsP[Gruau,1994 to solve arelatively hardengineering
problem:the evolution of neuralnetworksfor robotcontrol.

In this paperwe describean approachto the interactive
developmentof programsfor image enhancemenwith GP
which canbe consideredcanotherattemptto explore the pos-
sibilities offeredby usersteeredEAs in the engineeringdo-
main. In our approactthe user by beingpartof tournament
selection,controlsthe evolution of simple programswhich
enhancandintegratemultiple B/W imageqtime-varyingim-
ages,multi-modal medicalimages,multi-band satelliteim-
agesegtc.)into asinglecolourimage.

Only a very small number of applicationsof GP to
image analysis problems have been reportedin the lit-
eratureto date. The majority of researcherhave con-
centrated on pattern recognition, classification and lo-
calisation [Tackett,1993 Koza,1994 Johnsoretal.,1994
Andre, 1994 TellerandVeloso,1995 with only some re-
cent efforts considering image enhancementand seg-
mentatiortasks[Harris andBuxton,1996 Daidaetal., 1995
Daidaetal., 1996 Poli,1996a Poli,19968. This paper
shouldalsobe considered furtherextensionof our previous
work in theareaof GPfor imageenhancement.

Thepaperis organisedsfollows. In Section2 we describe
the basicmethodfor userdrivenGP, andsomeideason how
to reduceor completelyeliminate userinteraction. In Sec-
tion 3 we reportonthe experimentakesultsobtainedwith the
basicmethodandon somepreliminaryresultswith onetech-
nigueto avoid prolongeduserinteraction. In Section4 we
make somefinal commentn ourresults.

2 Method

Ourmethodor interactive programevolutionis notdissimilar
from standardyenerationalGP asdescribedn [Koza,1999
with theonly exceptionof theselectiorphasewhichis driven

by theuser Thebasicmethodandsomeextensionsvhichcan
helpreduceor eliminatethe userinteractionaredescribedn
thefollowing two subsections.

2.1 BasicMethod

In our approachinsteadof askingthe userto assigranumer
ical fitnessto all theindividualsin a populationor to directly
selectthe onesto be usedto createthe next generationthe
stratgy usedin mostof the papersdescribedn the previous
section) we asktheuserto influencetournamenselectiorby
interactizely comparingpairsof solutionsanddetermininghe
winner. By usingatournamensizeof 2 individualswe avoid
theproblemsof circularpreferencegquitecommonin human
judgementswhich might make it impossibleto choosethe
winnerof thetournamentCircular preferencesanarise,for
example,whenindividual A is preferredto B, B to C andC
to A. This stratgy avoidsimposingthe useof total or partial
ordersonthedecisionsnadeby the user

Theapplicationchoserfor this studywasto extendandau-
tomate usingGP, the pseudo-colouringechniqueslescribed
in [Cagnonietal., 1991 where multiple gray-scaleimages
were combinedinto a single pseudo-colouimagein which
somestructuresof interestwere emphasiseda problemfor
which no standardechniqueexists. Thereforejn our exper
iments,selectionwassimply performedby visually compar
ing the colourimagesassociatedb thetwo individualsin the
tournamenandclicking onthe preferredonewith themouse.

To maintainnearrealtime performancea crucial feature
whenthe useris part of an evolutionary algorithm, the ter-
minalsandfunctionsusedfor this applicationarea subseof
thoseusedin our previouswork on the evolution of filtering
programgfor imageanalysig[Poli, 1996a Poli, 19961. The
functionsetincludedonly theoperatorg+, -, *, max,
min } and the terminal setincludedthe ephemeratandom
constangeneratofK0za,1992 page242—243](which pro-
ducedrandomnumbersn therange[—1, 1]) andasmary in-
putvariablesgl, g2, asthe numberof imagesto be
integrated/enhancedyherevariablegi representshe gray
level of apixel of thei -th imageof theinputsequence.

In orderto build an outputimageintegratingandenhanc-
ing the input sequenceeachprogramin the populationwas
run for eachpixel in the inputimages. The outputof each
programwas clippedto fit in therange[0, 255]. The output
imagewasthendisplayedusinga predefinedcolourmap.In
theexperimentdescribedn Section3 we useda “spectrum”
colourmapwhich spansall the rainbown coloursby gradually
fadingfrom blueto greento yellow andred,with theaddition
of blackandwhite atthe extremesasshavn in Figure2(a)!

In our experimentswe useda populationsize of 20. Such
asmallsizewassuggestednly by theneedto keepthedura-
tion of the runs(and,therefore of the userinteraction)at an

1 This and other picturesin this papercanbe bestinterpretedin colout
They areavailableat URL:

http://www.cs.bham.ac.uk/ rmp/eebic/example4 .html



acceptabldevel. Thisis consistenwith whatis reportedin
thework describedn the previoussection wherepopulation
sizesfrom 4 to 32 wereused. For the samereasonwe never
run morethan10 to 15 generationsAgain this is consistent
with thedatareportedn theliterature.

Theotherparametersisedin our runswere:“full” initiali-
sationmethodwith initial programdepthof 4, cross@erprob-
ability of 0.7 andno mutation.

2.2 Extensionsto ReduceUser Interaction

Whentheuseris partof anevolutionaryalgorithmonly avery
limited numberof evaluationscan be performed,typically
of the orderof a few hundredqunlesslarge communitiesof
usersareavailable,e.g. usingthe World Wide Web). There-
fore, althoughinteractve evolution canbe used,asreported
alsoby othersto inducequiteinterestingsolutionsfor moder
ately complex problemswe shouldprobablynot expectit to
scaleup very well. Thereasorfor this is thatmore complex
engineeringproblemswill almostcertainly require popula-
tionswith hundredr thousandsf individualswhich would
malke the userinteractionbecomeaxtremelytime-consuming
andboring?

The only way to addresghe scalability problemderiving
from this “user bottleneck”seemso be the developmentof
techniqueghatreduceor eliminateuserinteractionbut still
somehwv follow the criteriaappliedby the userwhenevalu-
atingor comparingsolutions.

To do thiswe proposea stratgly basecon theideathat GP
may exploit the users choicesto inducea modelwhich can
later replaceor assisthim or her This canbe achiezed by
first observingandrecordingthe users choicestogethemwith
someparameterslescribingthe mostimportantfeaturesof
the solutionsunderselectionandby later usingthesedatato
inducea programmimicking the users behaiour.

Thisapproacltanbeappliedin severaldifferentways. For
exampleit is possiblgo applyit in batchmode executingone
or moreruns of an interactve EA to collect enoughfitness
casesthenapply GP to evolve a model of the userchoices,
andfinally usethe modelasa fitnessfunction or a compari-
sonprocedurdor large-scalauns. Alternatively, it is possi-
ble to recordthe choicesof theuseratrun-time(e.g.acrossa
few generationsr evenwithin a singlegeneration)andbuild
or modify a usermodelon-line, by running GP every now
andthen(e.g. attheendof eachgeneration)to maintainthe
modelin closeagreementvith the user Themodelcould be
usedto procesghe majority of theindividualsin the popula-
tion. Many variationsbetweenthesefully off-line andfully
on-linemodesseempossible.

In the preliminaryexperimentseportedin Section3.3we
usedthe batchmodellingstratey. As the choicesof theuser
were basedon the outputimageproducedby eachprogram

2Although our runs requiredless than one hour to complete, interac-
tive sessiondasting for up to two dayshave beendescribedn the liter-
aturewhen the userneedsto evaluatecomplex individuals (seefor exam-
ple [GruauandQuatramaran} 996]).

(phenotypeyatherthenthe structureandsizeof the program
itself (genotype)we decidedto extractandrecordsomesta-
tistical phenotypicafeatures.In particular giventherelative

simplicity of this applicationand the exploratory natureof

this work, we decidedto simply usethe meanandvariance
of the outputimageproducedby eachprogram. The values
of suchparameterdor the two imagesundegoing tourna-
mentselectionalongwith the choicemadeby the userwere
recordedand usedas fitnesscasedor usermodelling. The

useof phenotypicafeaturesshouldby no meanseintended
astheonly stratgy to gatherinformationon the users deci-
sioncriteria: genotypicafeatureqlik e, for examplethefre-

queng of eachfunctionandterminalor thesizeandshape®f

theprograms)ylay, implicitly, averyimportantrole aswell.

3 Experimental Results

In our experimentswe usedan implementationof GP de-
velopedby the first authorin Pop-11,an Al languagewith
garbagecollectionandincrementakompilationwidely used
in the UK. The experimentsare describedn the next three
subsections.

3.1 Interactive Evolution of Programsfor MRI

Image Enhancement

In afirst setof experimentsve have useda pair of Magnetic
ResonancéVR) imagesof the samesectionof thebrainof a
patientaffectedby multiple sclerosisa diseasecharacterised
by the presencef hyperintenseplaquegseeFigurel). The
imageswere acquiredusing a spin-echosequencavith the
following parameters:echotime Tr=50ms and repetition
time Tg=2sfor the first image,and Ty=100msand Tgr=2s
for the secondone [Webb,1988. Approximatelyspeaking,
eachimageis a map of a differentphysicalparameter:the
first image,which we will call PD, stronglydependsn pro-
tondensity while thesecondwhichwewill call RT, onrelax-
ationtimeTy. TherelaxationtimeT5 is thetime constanthat
regulatesthe decayof the trans\ersal(with respecto the di-
rectionof the main staticmagnetidield) magnetizatiorcom-
ponentinducedby a RF pulsethatalterstheorientationof the
magneticspinsof protons.Theterminalsgl andg?2 represent
graylevelsof pixelsin PD andRT, respectely.

Giventhevery highreproducibilityof MR imagingandthe
minimum inter and intra-patientvariability of the physical
characteristicsf braintissuestheuseof only oneimagepair
in theseexperimentsdoesnot affect the generalityof the so-
lutionsfoundby GP

In a first setof runs, we tried to evolve programswhich
emphasisethe brain with respecto the ventricle,the white
x-shapedstructurevisible in themiddle of RT (seeFigurel),
usingthe basicinteractive methoddescribedn the previous
section.After afew unsuccessfukarm-upruns,in thesecond
generatiorof arunaprogramwith theright kind of behaiour



Figurel: Original MR imagesusedin our experiments:PD (left) andRT (right).

emeged,which we keptrefininguntil generatiorb. There-
fined programis thefollowing:

(max (- (* (- -0.070726 g¢2) (min 0.785222 gl))
(+ (max -0.315188 0.503258)
(- -0.650528 g2)))

+ ¢ (¢ 91 g2 (mn gl g2)
(- (+ g1 0.404921) (min gl gl))))

which, oncesimplified,correspond$o thefunction:

max((—0.070726 — g2) min(g1,0.785222) + 0.147270 +
92,(—92 + g1) min(g1, g2) + 0.404921).

As clarified by the plot of this functionshavn in Figure2(b)
(after clipping) and by the outputimagein Figure 2(c) this
programmostlybehaeslik e alineardiscriminatorwhich ze-
roesall the pixelswhich appeawery brightin RT (e.g.those
belongingto the ventricle) and setsall the non-background
pixelsto very highvalues.

In anothersuccessfutun, we obtainedthe following pro-
gram

(min (- (min (max 0.123771 g2) (+ gl gl))
(+ (- gl gl) (* 0.751092 -0.131142)))
(- (max (max -0.136205 gl1) (+ gl gl))
- ¢ 9glgl (* g1 g1))

which correspondso thefunction:

min(min(2.0¢g7, max(g2,0.123771)) +
0.09849970706, max(g1, —0.136205,2.0g1)).

The plot of this function is shavn in Figure 2(d) while the
programoutputis reportedn Figure2(e). The programuses
quiteadifferentstratgy to producemagesn whichtheven-
tricle andthe cerebro-spinafluid are shovn in red andthe
restof thebrainin green.In essencewith minimumapprox-
imation,the outputimageis obtainedby takingthe minimum
betweerg?2 (thegraylevel of thepixelsof RT) and2*gl (the
graylevel of the pixelsof acontrast-enhancearsionof PD).
In a secondsetof runswe tried to evolve programswhich
would emphasis¢he multiple-sclerosiplaquef the patient
with respecto normalbraintissuesin thiscasewe succeeded

in evolving thedesiredprogramsat thefirst attempt.Already
in thefirst generationtwo or threedifferentprogramswith the
right kind of behaiiour were present Whenwe attemptedo
refinethemin the following generationsve realisedthat ev-
ery now andthenwe hadto choosebetweerprogramswhich,
for us, werebasicallyof the samequality even thoughthey
producedjuite differentoutputs.Instinctively we resortedo
choosingone programor the otherapproximatelythe same
numberof times.In asensainexpectedlyduringthetengen-
erationsof thisrun GPwasableto evolve two phenotypically
differentlines of solutionsat the sametime. Oneof the cor-
respondingyenotypess the program

(+ 0595356 (- (- (- gl g2) (- 92 g2)
- ¢ 929l
*+ ¢ 92 91) 92))

which correspondso thefunction

0.595356 + g1

plottedin Figure2(f), theotheris theprogram
(+ (max (* (+ gl -0.52594)

(min  0.202965 0.414198))
(min (+ -0.98135 (@1)

(- 0.825299 g1)))

gl 92) (- 92 g2)

92 g1) (+ (- 92 g1) g2)))

- ¢ ¢
- G

which correspondso thefunction

max(0.20296591 — 0.1067474121, min(—0.98135 +
91,0.825299 — g1)) + g1.

As shown by the plot in Figure2(h), the two genotypesep-
resenttwo very similar functions: the first is basicallyPD,

while the secondis PD multiplied by 1.2. However, dueto

clipping andto thefactor1.2, the phenotypeshowvn in Fig-

ures2(g) and(i), arevisually quitedifferent,thoughsemanti-
cally equialent.
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Figure2: Experimentatesultson the GP-basednteractive enhancemerdf MR imagesof the brain.



3.2 Interactive Evolution of Programs for

Echocardiographiclmage Enhancement

To testtheability of ourmethodto producegeneraimageen-
hancemengalgorithmsfor more noisy andlessreproducible
imagingtechniquesjn anotherset of experimentswe used
standardechographidmagesof the heart. The amountof
noiseandartifactspresentn thiskind of imagescanbeeasily
understoody observingthe original echocardiographign-
agesn Figure3.

Theobjective of theseexperimentavasto evolve apseudo-
colouringalgorithmcapableof synthesisinghemotionof the
heartinto a single colourimage. From the medicalpoint of
view thisis averyimportantobjective for severalreasonsa)
it is very difficult for the humanvisual systemto evaluatethe
motility of the heartleft ventricle(the heartchamberespon-
siblefor pumpingbloodinto theaortaartery)only by looking
atastill picturecontainingasequencef frames)p) it is much
easierto perceve andinterpretcolour, ) it is impracticalto
storein thepatientrecordandhandlevideo cassettes.

In orderto reducethecompleity of thetask,we decidedo
useonly two videoframestakenfrom sequencesf 16 repre-
sentingan entireheartbeatof eachpatient: onerepresenting
theheartattheendof diastole(thephaseén whichtheheartis
completelyrelaxed and maximally expanded)andoneat the
endof the systole(whenthe heartis maximally contracted).
Theterminalsgl andg2 representhe gray levels of pixels
in suchframesrespectiely.

In the experimentswith echographiémageswe usedtwo
separatesetsof imagesobtainedfrom differentpatients:one
for training (Figures3(a) and (c)) and one for testing (Fig-
ures3(b) and(d)). In thefigure: (a) represents sectionof
theheartof a healthysubjectatthe endof diastole;(b) repre-
sentgheheartof adifferentpatientin diastolej(c) is theheart
of thesamepatientasin (a) attheendof thesystole;and(d) is
the heartof the patientin (b) attheendof systole.(Thegray
levelsof theimageqa)—(d)have beenrevertedfor displaying
purposes.)

After a few warm-upruns,in a singlerun lasting10 gen-
erations(i.e. involving 200 evaluations)we obtainedthefol-
lowing two functions:

g192 — 922 + 292 — 391 — g2g1% + 0.854702
+min(2* g2 — 2% g1, —gl x (g1 — ¢2))

9192 — 922 + 292 — 291 — g2g1? + 0.648614 + g2 — g1

which have beensimplified for an easierinterpretation.The
colourimagesproducedy thesefunctionsareshowvn in Fig-
ures 3(e)—(h),both for the training imagesand the testim-
ages.Namely: (e) and(g) represenbutputproducedby the
two colouringalgorithmson the trainingechocardiogramis
Figures3(a)and(c), while (f) and(h) arethe outputproduced
onthetestechocardiogramis Figures3(b) and(d).

It is worth noting that the behaiour of the colouring al-
gorithmsin the testimagesis very consistentwith the be-
haviour on the trainining images. All the colouring algo-

rithms evolved were judgedvery satishctory by a cardiol-
ogist. Thesealgorithmsemphasis¢he motion of the heart
walls by representinghemwith differentcoloursin different
phasesbright coloursareusedfor systole darkfor diastole.
However, they dosoin averynon-lineamway soasto givethe
doctorenoughanatomicainformationto interprettheimages.

3.3 Modelling the User

During the runs describedin Section3.1 we recordedthe
meanand varianceof the output producedby eachindivid-
ual being comparedby the useralongwith his choices. In
thissubsectionve describesomepreliminaryresultsobtained
with the approactor usermodellingproposedn Section2.

In our experimentswe useda fairly standardsymbolic-
regression-lile stratgy (populationsize=1,000max gener
ations=30,function setincluding arithmeticoperatorsonly,
etc.) to build a model of the decisionsmadeby the user
during one run of the interactve evolution of programsfor
brain/ventricleenhancementln sucha run 100fithesscases
hadbeencollected. GP easilyevolved a programwhich was
ableto correctlypredict90 fitnesscaseut of 100.

Thenwe replacedhe interactve selection-procedureith
theusermodelinducedby GPandran GPwith thesameseed
usedto collectthedata.As hoped theresultsobtainedoy GP
were very similar to thoseproducedin the userdriven run.
Although a few individualsin eachgeneration(exceptthe
first) were different, the final resultwas hardly distinguish-
ablefrom theoneshawvn in Figure2(c).

At thatpointwe tried to assesshe generalisatiorcapabili-
tiesof theusermodelby runningagainthe model-drivenpro-
gramwhile, at the sametime, askingthe userto choosethe
winnerfor eachtournament.Theinput provided by the user
wasnot passedo GP:it wasonly recordedo latercompare
the choicesof theuserwith thoseof themodel. Theuserwas
not awareof which imagethe modelhadchoserasthe win-
ner.

The resultsof this comparisonwerereally surprising. In
threeseparateunswith this settingthe userand his model
disagreednostof thetimes,namely60, 55 and52 timesout
of 100!

The explanationfor this curiouseffect cannotsimply be
our using the wrong parameterso describethe phenotypes
andthereforethe choicesmadeby the user If thathadbeen
the case,we would have obsened at leastan agreemenbe-
tweenmodelanduserin about50% of the casesandalsoan
inability of GP to learnthe training examples. Despitethe
small numberof tests,the differencebetweenthe estimated
averagedisagreement56%, and 50% is statistically signif-
icant (assuminga 10% confidencecoeficient anda Normal
distribution).

Theonly explanatiorwe have foundsofarfor this effectis
relatedto the factthatthe userdoestendto usequite a lot of
globalinformationon the compositionof the populationand
onthehistory of choicespreviously madein therun. For ex-
ample,we alwaystried to avoid prematurecorvergenceand,
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Figure3: Original echocardiographitnagesusedin our experimentga)—(d)andoutputproducedy two colouringalgorithms
evolvedby GP (e)—(h)(seetext for details).



sometimesnstinctively sometimesn purposewe tendecdto
coevolve multiple phenotypicalines.

Theseand otherbehaiours of the user which are proba-
bly crucialto obtaingoodsolutionswith sofew evaluations,
mightvary sodramaticallyfrom runto runto beimpossibleo
reproduceor a local, memory-lessnodel. Furtherresearch
will beneededo verify this conjecture.

4 Conclusions

In this papemwe have presente@napproacho theinteractve
developmenbf programdor imageenhancementith GP In
thisapproachheuserdrivesGP by makingdecisionsn tour-
namentselection. The advantageof this techniques thatno
algorithmicfitnessfunctionor comparisoreriterionis needed
andthatthe expertiseandknowledgeof theusercanbeused
to directevolution.

Confirmingwhathasalsobeenreportedby others,our ex-
perimentshave shavn that the presenceof the userin evo-
lutionary algorithmssomehav transformshemfrom a fairly
inefficientsearctprocedurerequiringhundredof thousands
of fithessevaluations,into extremely powerful and efficient
methodswhich can producegood solutionsto moderately
hardproblemsn justhundredf evaluations.

While this makes userdriven EAs very promising, the
presencef the userwithin a computerbasedsystemcreates
an unavoidablebottleneckdueto the limited speedat which
comple evaluationsandcomparisongsanproceed.This bot-
tleneckmight seriouslyreducethe scalabilityof this classof
methods.

To overcomethe userbottleneckwe have alsoproposedca
stratgly basedntheideaof automaticallynducingprograms
modellingthe userduringinteractve runswith smallpopula-
tionsto be later deployed asusersubstitutedor largerscale
runs. Whetherthis will be a viable techniqueis something
whichremaingo beestablisheih futurework, giventhesur
prisingresultsof our preliminaryexperiments.
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