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ABSTRACT
In this paper we presentan approach to
the interactive developmentof programs
for image enhancement with Genetic
Programming (GP) based on pseudo-
colour transformations. In our approach
the userdri vesGP by decidingwhich in-
dividual should be the winner in tourna-
ment selection.The presenceof the user
doesnot only allow running GP without
a fitness function but it also transforms
GP into a very efficient search procedure
capableof producing effective solutions
to real-life problemsin only hundredsof
evaluations. In thepaperwealsopropose
a strategy to further reduceuser inter-
action: we record the choicesmade by
the user in interactive runs and we later
usethem to build a model which can re-
place him/her in longer runs. Experi-
mental results with interactive GP and
with our user-modelling strategyarealso
reported.

1 Intr oduction

In orderto useGeneticProgramming(GP) to solve a prob-
lem it is usuallynecessaryto definea scalarfitnessfunction
or at leasta criterion, inducinga total order, for comparing
pairsof solutions.However, in many real-worldsituationsit is

very difficult, if not impossible,to formulatemathematically
asinglereasonablequalitycriterion.Thishappens,for exam-
ple,whenthequalityassessmentis basedonmultiplecriteria
which aredifficult to integrateinto a singlescalarmeasure,
whensubjectiveor qualitativecriteriahavetobeusedor when
a trainingsetof input-outputpattern-pairsis not availableor
cannotbecreatedeasily.

A large amount of work has been recently devoted to
solving the problem of incorporating multiple objective
functions in evolutionary algorithms(EAs), the most fre-
quently studied techniquebeing Pareto optimisation (see
for example [Goldberg,1989, FonsecaandFleming,1995,
Surryetal., 1995, Langdon,1995, Greenwoodetal., 1996]).
Somehow lessattention,at leastin the engineeringdomain,
hasbeendirectedto usingEAs in theabsenceof analgorith-
mic fitnessfunction.

Oneway of runningEAs whena scalarfitnessfunction is
not availableis to try andinduceonefrom a corpusof avail-
able datausing machinelearningtechniques.This method
hasbeenusedin [SpectorandAlpern,1995], wherea setof
real jazz-fragmentswasusedto train a neuralnetwork. The
network waslaterusedto definea fitnessfunction for a GP-
basedmusicgenerationsystem:thenetwork playedthe role
of a critic, GPwasthemusician.

A strategy usedmore frequentlyto solve this problemis
to introducethe humanexpert/userin the main loop of an
evolutionary algorithm and usehim or her in the selection
phase.Thisseemsthemostnaturalapproachwhenonly qual-
itative/subjective information (suchas that provided by hu-
manswhoseexpertiseis difficult to elicit and formalise)is
availableor when the desiredoutput for the programto be
inducedis notknown atall.

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



to evolutionstrategiesin which theuserselectedwhich crea-
ture would be usedto producea new generation. In his
seminalwork [Sims,1991], Sims usedLisp S-expressions
with severaldifferentmutationoperatorsto evolve programs
which producedimagesand animationson the basisof a
user aestheticcriteria. Das et al. [Dasetal., 1994] used
Sims’s ideasto representand evolve interactively 3–D ob-
jects and soundswithin a virtual-reality environment with
GP (including also a recombinationoperator). Graf and
Banzhaf [Graf andBanzhaf,1995] have recently applied a
similarstrategy tobreed2–Dimagesand3–Dsolidobjectsin-
teractively usingatiepoint-basedrepresentationwithin aGA.
Biles [Biles, 1994] useda GA to evolve jazzsoloson theba-
sisof anumericfitnessvaluedefined,entirelysubjectively, by
auser.

Most of the work summarisedabove hasbeenmotivated
by the desireto producecomputerart using EAs. How-
ever, Gruauet al. [GruauandQuatramaran,1996] have re-
cently appliedthis approach(using fitnessvaluesassigned,
largely subjectively, by the user) within cellular-encoding-
basedGP[Gruau,1994] to solvearelativelyhardengineering
problem:theevolutionof neuralnetworksfor robotcontrol.

In this paperwe describean approachto the interactive
developmentof programsfor imageenhancementwith GP
which canbeconsideredanotherattemptto explorethepos-
sibilities offeredby user-steeredEAs in the engineeringdo-
main. In our approachtheuser, by beingpartof tournament
selection,controlsthe evolution of simple programswhich
enhanceandintegratemultipleB/W images(time-varyingim-
ages,multi-modalmedicalimages,multi-bandsatelliteim-
ages,etc.) into asinglecolourimage.

Only a very small number of applications of GP to
image analysis problems have been reported in the lit-
erature to date. The majority of researchershave con-
centrated on pattern recognition, classification and lo-
calisation [Tackett,1993, Koza,1994, Johnsonetal., 1994,
Andre,1994, TellerandVeloso,1995] with only some re-
cent efforts considering image enhancementand seg-
mentationtasks[HarrisandBuxton,1996, Daidaetal., 1995,
Daidaetal., 1996, Poli, 1996a, Poli, 1996b]. This paper
shouldalsobeconsidereda furtherextensionof ourprevious
work in theareaof GPfor imageenhancement.

Thepaperis organisedasfollows. In Section2 wedescribe
thebasicmethodfor user-drivenGP, andsomeideason how
to reduceor completelyeliminateuserinteraction. In Sec-
tion 3 wereporton theexperimentalresultsobtainedwith the
basicmethodandonsomepreliminaryresultswith onetech-
niqueto avoid prolongeduserinteraction. In Section4 we
makesomefinal commentsonour results.

2 Method

Ourmethodfor interactiveprogramevolutionis notdissimilar
from standardgenerationalGP asdescribedin [Koza,1992]
with theonlyexceptionof theselectionphase,whichis driven

by theuser. Thebasicmethodandsomeextensionswhichcan
helpreduceor eliminatetheuserinteractionaredescribedin
thefollowing two subsections.

2.1 BasicMethod

In ourapproach,insteadof askingtheuserto assignanumer-
ical fitnessto all theindividualsin a populationor to directly
selectthe onesto be usedto createthe next generation(the
strategy usedin mostof thepapersdescribedin theprevious
section),weasktheuserto influencetournamentselectionby
interactivelycomparingpairsof solutionsanddeterminingthe
winner. By usinga tournamentsizeof 2 individualsweavoid
theproblemsof circularpreferences,quitecommonin human
judgements,which might make it impossibleto choosethe
winnerof thetournament.Circularpreferencescanarise,for
example,whenindividual A is preferredto B, B to C andC
to A. This strategy avoidsimposingtheuseof total or partial
orderson thedecisionsmadeby theuser.

Theapplicationchosenfor thisstudywasto extendandau-
tomate,usingGP, thepseudo-colouringtechniquesdescribed
in [Cagnonietal., 1991] where multiple gray-scaleimages
werecombinedinto a singlepseudo-colourimagein which
somestructuresof interestwereemphasised:a problemfor
which no standardtechniqueexists. Therefore,in our exper-
iments,selectionwassimply performedby visually compar-
ing thecolourimagesassociatedto thetwo individualsin the
tournamentandclicking onthepreferredonewith themouse.

To maintainnear-realtimeperformance,a crucial feature
when the useris part of an evolutionaryalgorithm, the ter-
minalsandfunctionsusedfor this applicationarea subsetof
thoseusedin our previouswork on theevolution of filtering
programsfor imageanalysis[Poli, 1996a, Poli, 1996b]. The
functionsetincludedonly theoperators� +, -, *, max,
min � and the terminal set includedthe ephemeralrandom
constantgenerator[Koza,1992, pages242–243](which pro-
ducedrandomnumbersin therange ���
	��
	�� ) andasmany in-
put variablesg1, g2, ... asthenumberof imagesto be
integrated/enhanced,wherevariablegi representsthe gray
level of apixel of the i -th imageof theinputsequence.

In orderto build anoutputimageintegratingandenhanc-
ing the input sequence,eachprogramin the populationwas
run for eachpixel in the input images. The outputof each
programwasclippedto fit in the range � ����������� . Theoutput
imagewasthendisplayedusinga predefinedcolourmap.In
theexperimentsdescribedin Section3 weuseda“spectrum”
colourmapwhich spansall therainbow coloursby gradually
fadingfrom blueto greento yellow andred,with theaddition
of blackandwhiteat theextremes,asshown in Figure2(a).�

In our experimentswe useda populationsizeof 20. Such
asmallsizewassuggestedonly by theneedto keepthedura-
tion of theruns(and,therefore,of theuserinteraction)at an
�
This andotherpicturesin this papercanbe bestinterpretedin colour.
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acceptablelevel. This is consistentwith what is reportedin
thework describedin theprevioussection,wherepopulation
sizesfrom 4 to 32 wereused.For thesamereasonwe never
run morethan10 to 15 generations.Again this is consistent
with thedatareportedin theliterature.

Theotherparametersusedin our runswere:“full” initiali-
sationmethodwith initial programdepthof 4,crossoverprob-
ability of 0.7andnomutation.

2.2 Extensionsto ReduceUser Interaction

Whentheuseris partof anevolutionaryalgorithmonly avery
limited numberof evaluationscan be performed,typically
of theorderof a few hundreds(unlesslargecommunitiesof
usersareavailable,e.g. usingtheWorld Wide Web). There-
fore, althoughinteractive evolution canbe used,asreported
alsoby others,to inducequiteinterestingsolutionsfor moder-
atelycomplex problems,we shouldprobablynot expectit to
scaleup very well. Thereasonfor this is thatmorecomplex
engineeringproblemswill almostcertainly requirepopula-
tionswith hundredsor thousandsof individualswhich would
make theuserinteractionbecomeextremelytime-consuming
andboring.�

The only way to addressthe scalabilityproblemderiving
from this “user bottleneck”seemsto be the developmentof
techniquesthat reduceor eliminateuserinteractionbut still
somehow follow thecriteriaappliedby theuserwhenevalu-
atingor comparingsolutions.

To do thiswe proposea strategy basedon theideathatGP
mayexploit the user’s choicesto inducea modelwhich can
later replaceor assisthim or her. This canbe achieved by
first observingandrecordingtheuser’schoicestogetherwith
someparametersdescribingthe most important featuresof
thesolutionsunderselectionandby laterusingthesedatato
induceaprogrammimickingtheuser’sbehaviour.

Thisapproachcanbeappliedin severaldifferentways.For
exampleit is possibleto applyit in batchmode,executingone
or more runsof an interactive EA to collect enoughfitness
cases,thenapply GP to evolve a modelof the userchoices,
andfinally usethemodelasa fitnessfunctionor a compari-
sonprocedurefor large-scaleruns. Alternatively, it is possi-
ble to recordthechoicesof theuserat run-time(e.g.acrossa
few generationsor evenwithin asinglegeneration),andbuild
or modify a usermodelon-line, by running GP every now
andthen(e.g. at theendof eachgeneration),to maintainthe
modelin closeagreementwith theuser. Themodelcouldbe
usedto processthemajority of theindividualsin thepopula-
tion. Many variationsbetweenthesefully off-line andfully
on-linemodesseempossible.

In thepreliminaryexperimentsreportedin Section3.3 we
usedthebatchmodellingstrategy. As thechoicesof theuser
werebasedon the output imageproducedby eachprogram
�
Although our runs requiredless than one hour to complete,interac-

tive sessionslasting for up to two dayshave beendescribedin the liter-
aturewhen the userneedsto evaluatecomplex individuals (seefor exam-
ple [GruauandQuatramaran,1996]).

(phenotype)ratherthenthestructureandsizeof theprogram
itself (genotype),we decidedto extractandrecordsomesta-
tistical phenotypicalfeatures.In particular, giventherelative
simplicity of this applicationand the exploratory natureof
this work, we decidedto simply usethe meanandvariance
of the outputimageproducedby eachprogram. The values
of suchparametersfor the two imagesundergoing tourna-
mentselectionalongwith thechoicemadeby theuserwere
recordedandusedasfitnesscasesfor usermodelling. The
useof phenotypicalfeaturesshouldby no meansbeintended
astheonly strategy to gatherinformationon theuser’s deci-
sioncriteria: genotypicalfeatures(like, for example,thefre-
quency of eachfunctionandterminalor thesizeandshapesof
theprograms)play, implicitly, a very importantroleaswell.

3 Experimental Results

In our experimentswe usedan implementationof GP de-
velopedby the first authorin Pop-11,an AI languagewith
garbagecollectionandincrementalcompilationwidely used
in the UK. The experimentsaredescribedin the next three
subsections.

3.1 Interacti veEvolution of Programsfor MRI
ImageEnhancement

In a first setof experimentswe have useda pair of Magnetic
Resonance(MR) imagesof thesamesectionof thebrainof a
patientaffectedby multiple sclerosis,a diseasecharacterised
by thepresenceof hyper-intenseplaques(seeFigure1). The
imageswere acquiredusing a spin-echosequencewith the
following parameters:echo time ��� =50msand repetition
time ��� =2s for the first image,and � � =100msand ��� =2s
for the secondone[Webb,1988]. Approximatelyspeaking,
eachimageis a mapof a differentphysicalparameter:the
first image,which we will call PD, stronglydependson pro-
tondensity, while thesecond,whichwewill call RT, onrelax-
ationtime � � . Therelaxationtime � � is thetimeconstantthat
regulatesthedecayof thetransversal(with respectto thedi-
rectionof themainstaticmagneticfield) magnetizationcom-
ponentinducedby aRFpulsethatalterstheorientationof the
magneticspinsof protons.Theterminalsg1 andg2 represent
graylevelsof pixelsin PDandRT, respectively.

Giventheveryhighreproducibilityof MR imagingandthe
minimum inter- and intra-patientvariability of the physical
characteristicsof braintissues,theuseof only oneimagepair
in theseexperimentsdoesnot affect thegeneralityof theso-
lutionsfoundby GP.

In a first set of runs, we tried to evolve programswhich
emphasisedthebrainwith respectto theventricle,thewhite
x-shapedstructurevisible in themiddleof RT (seeFigure1),
usingthe basicinteractive methoddescribedin the previous
section.After afew unsuccessfulwarm-upruns,in thesecond
generationof arunaprogramwith theright kind of behaviour



Figure1: OriginalMR imagesusedin ourexperiments:PD(left) andRT (right).

emerged,which we kept refininguntil generation5. There-
finedprogramis thefollowing:

(max (- (* (- -0.070726 g2) (min 0.785222 g1))
(+ (max -0.315188 0.503258)

(- -0.650528 g2)))
(+ (* (- g1 g2) (min g1 g2))

(- (+ g1 0.404921) (min g1 g1))))

which,oncesimplified,correspondsto thefunction:

 "!$#&%'% �(�*) �,+$�-+.��/(�10.2&3  54768% 0,98�:��);+.<���������3>=?�*)7	
@-+���+.�A=
0�2B� % �C0�25=D0�9�3  54768% 0�98��0�2�3E=F��) @,�.@,G��H	�3 .

As clarifiedby theplot of this functionshown in Figure2(b)
(after clipping) andby the output imagein Figure2(c) this
programmostlybehaveslikea lineardiscriminatorwhichze-
roesall thepixelswhich appearvery bright in RT (e.g. those
belongingto the ventricle)andsetsall the non-background
pixelsto veryhighvalues.

In anothersuccessfulrun, we obtainedthe following pro-
gram

(min (- (min (max 0.123771 g2) (+ g1 g1))
(+ (- g1 g1) (* 0.751092 -0.131142)))

(- (max (max -0.136205 g1) (+ g1 g1))
(- (* g1 g1) (* g1 g1))))

whichcorrespondsto thefunction:

 I476E%J I4768% �H) ��0,9&�  "!$#&% 0�2K�:�*)7	L��M,+�+-	L3:3>=
�*) ��G�<�@�G�G,+$�-+$��/*�  "!.#-% 0�98�
�(��)N	LM�/,�.���*���*) �,0�9-3'3 .

The plot of this function is shown in Figure2(d) while the
programoutputis reportedin Figure2(e). Theprogramuses
quiteadifferentstrategy to produceimagesin which theven-
tricle and the cerebro-spinalfluid areshown in red and the
restof thebrainin green.In essence,with minimumapprox-
imation,theoutputimageis obtainedby takingtheminimum
betweeng2 (thegraylevelof thepixelsof RT) and2*g1 (the
graylevel of thepixelsof acontrast-enhancedversionof PD).

In a secondsetof runswe tried to evolve programswhich
wouldemphasisethemultiple-sclerosisplaquesof thepatient
with respecttonormalbraintissues.In thiscasewesucceeded

in evolving thedesiredprogramsat thefirst attempt.Already
in thefirst generationtwo or threedifferentprogramswith the
right kind of behaviour werepresent.Whenwe attemptedto
refinethemin the following generationswe realisedthatev-
erynow andthenwehadto choosebetweenprogramswhich,
for us, werebasicallyof the samequality even thoughthey
producedquitedifferentoutputs.Instinctively we resortedto
choosingoneprogramor the otherapproximatelythe same
numberof times.In asenseunexpectedly, duringthetengen-
erationsof thisrunGPwasableto evolvetwo phenotypically
differentlinesof solutionsat thesametime. Oneof thecor-
respondinggenotypesis theprogram

(+ 0.595356 (- (- (- g1 g2) (- g2 g2))
(- (- g2 g1)

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

whichcorrespondsto thefunction

�*);�.G,�.M���/A=D0�9

plottedin Figure2(f), theotheris theprogram

(+ (max (* (+ g1 -0.52594)
(min 0.202965 0.414198))

(min (+ -0.98135 g1)
(- 0.825299 g1)))

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

whichcorrespondsto thefunction

 "!.#�% �*);�.�,�.G�/,��0,9O�P��)N	L��/,+$@-+$@�	L�*	��  I476�% �(�*) G�<*	LM��Q=
0�98���*) <������.G�G(�10�9�3'38=?0,98)

As shown by theplot in Figure2(h), the two genotypesrep-
resenttwo very similar functions: the first is basicallyPD,
while the secondis PD multiplied by 1.2. However, dueto
clipping andto the factor1.2, thephenotypesshown in Fig-
ures2(g)and(i), arevisuallyquitedifferent,thoughsemanti-
cally equivalent.
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Figure2: Experimentalresultson theGP-basedinteractiveenhancementof MR imagesof thebrain.



3.2 Interacti ve Evolution of Programs for
EchocardiographicImageEnhancement

To testtheability of ourmethodto producegeneralimageen-
hancementalgorithmsfor morenoisy and lessreproducible
imaging techniques,in anotherset of experimentswe used
standardechographicimagesof the heart. The amountof
noiseandartifactspresentin thiskind of imagescanbeeasily
understoodby observingthe original echocardiographicim-
agesin Figure3.

Theobjectiveof theseexperimentswasto evolveapseudo-
colouringalgorithmcapableof synthesisingthemotionof the
heartinto a singlecolour image. From the medicalpoint of
view this is a very importantobjective for severalreasons:a)
it is verydifficult for thehumanvisualsystemto evaluatethe
motility of theheartleft ventricle(theheartchamberrespon-
siblefor pumpingbloodinto theaortaartery)only by looking
atastill picturecontainingasequenceof frames,b) it is much
easierto perceive andinterpretcolour, c) it is impracticalto
storein thepatientrecordandhandlevideocassettes.

In orderto reducethecomplexity of thetask,wedecidedto
useonly two videoframestakenfrom sequencesof 16 repre-
sentinganentireheartbeatof eachpatient:onerepresenting
theheartat theendof diastole(thephasein whichtheheartis
completelyrelaxedandmaximallyexpanded)andoneat the
endof thesystole(whentheheartis maximallycontracted).
The terminalsg1 andg2 representthe gray levelsof pixels
in suchframes,respectively.

In the experimentswith echographicimageswe usedtwo
separatesetsof imagesobtainedfrom differentpatients:one
for training (Figures3(a) and (c)) andone for testing(Fig-
ures3(b) and(d)). In the figure: (a) representsa sectionof
theheartof a healthysubjectat theendof diastole;(b) repre-
sentstheheartof adifferentpatientin diastole;(c) is theheart
of thesamepatientasin (a)attheendof thesystole;and(d) is
theheartof thepatientin (b) at theendof systole.(Thegray
levelsof theimages(a)–(d)havebeenrevertedfor displaying
purposes.)

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

0�9�0�2R�10.2 � =D��0�2S�TM�0,9"�10.2&0,9 � =F��) <,�$@H+$���
=  54N6&% �CUQ0�2R�1�(UQ0�98�
�C0,9VU % 0�9R�T0�2&3'3

0,9W0�2X�T0�2 � =?��0.2Y�T��0�9S�T0�2&0�9 � =?�*) /.@�<�/*	Z@Q=D0.2X�T0,9
which have beensimplified for aneasierinterpretation.The
colourimagesproducedby thesefunctionsareshown in Fig-
ures3(e)–(h),both for the training imagesand the test im-
ages.Namely: (e) and(g) representoutputproducedby the
two colouringalgorithmson thetrainingechocardiogramsin
Figures3(a)and(c), while (f) and(h) aretheoutputproduced
on thetestechocardiogramsin Figures3(b)and(d).

It is worth noting that the behaviour of the colouringal-
gorithmsin the test imagesis very consistentwith the be-
haviour on the trainining images. All the colouring algo-

rithms evolved were judgedvery satisfactory by a cardiol-
ogist. Thesealgorithmsemphasisethe motion of the heart
walls by representingthemwith differentcoloursin different
phases:bright coloursareusedfor systole,darkfor diastole.
However, they dosoin averynon-linearwaysoasto givethe
doctorenoughanatomicalinformationto interprettheimages.

3.3 Modelling the User

During the runs describedin Section3.1 we recordedthe
meanandvarianceof the outputproducedby eachindivid-
ual beingcomparedby the useralongwith his choices. In
thissubsectionwedescribesomepreliminaryresultsobtained
with theapproachfor user-modellingproposedin Section2.

In our experimentswe useda fairly standardsymbolic-
regression-like strategy (populationsize=1,000,max gener-
ations=30,function set including arithmeticoperatorsonly,
etc.) to build a model of the decisionsmadeby the user
during onerun of the interactive evolution of programsfor
brain/ventricleenhancement.In sucha run 100fitnesscases
hadbeencollected.GPeasilyevolveda programwhich was
ableto correctlypredict90fitnesscasesoutof 100.

Thenwe replacedthe interactive selection-procedurewith
theusermodelinducedby GPandranGPwith thesameseed
usedto collectthedata.As hoped,theresultsobtainedby GP
werevery similar to thoseproducedin the user-driven run.
Although a few individuals in eachgeneration(except the
first) weredifferent, the final resultwashardly distinguish-
ablefrom theoneshown in Figure2(c).

At thatpoint we tried to assessthegeneralisationcapabili-
tiesof theusermodelby runningagainthemodel-drivenpro-
gramwhile, at the sametime, askingthe userto choosethe
winner for eachtournament.The input providedby theuser
wasnot passedto GP: it wasonly recordedto latercompare
thechoicesof theuserwith thoseof themodel.Theuserwas
not awareof which imagethemodelhadchosenasthewin-
ner.

The resultsof this comparisonwerereally surprising. In
threeseparaterunswith this settingthe userandhis model
disagreedmostof thetimes,namely60, 55 and52 timesout
of 100!

The explanationfor this curiouseffect cannotsimply be
our using the wrong parametersto describethe phenotypes
andthereforethechoicesmadeby theuser. If thathadbeen
the case,we would have observedat leastan agreementbe-
tweenmodelanduserin about50%of thecases,andalsoan
inability of GP to learn the training examples. Despitethe
small numberof tests,the differencebetweenthe estimated
averagedisagreement,56%, and50% is statisticallysignif-
icant (assuminga 10% confidencecoefficient anda Normal
distribution).

Theonly explanationwehavefoundsofar for thiseffect is
relatedto thefactthat theuserdoestendto usequitea lot of
global informationon thecompositionof thepopulationand
on thehistoryof choicespreviouslymadein therun. For ex-
ample,we alwaystried to avoid prematureconvergenceand,
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Figure3: Originalechocardiographicimagesusedin ourexperiments(a)–(d)andoutputproducedby two colouringalgorithms
evolvedby GP(e)–(h)(seetext for details).



sometimesinstinctively sometimeson purpose,we tendedto
coevolvemultiplephenotypicallines.

Theseandotherbehaviours of the user, which areproba-
bly crucial to obtaingoodsolutionswith so few evaluations,
mightvarysodramaticallyfrom runto runto beimpossibleto
reproducefor a local, memory-lessmodel. Furtherresearch
will beneededto verify thisconjecture.

4 Conclusions

In thispaperwehavepresentedanapproachto theinteractive
developmentof programsfor imageenhancementwith GP. In
thisapproachtheuserdrivesGPby makingdecisionsin tour-
namentselection.Theadvantageof this techniqueis thatno
algorithmicfitnessfunctionor comparisoncriterionis needed
andthat theexpertiseandknowledgeof theusercanbeused
to directevolution.

Confirmingwhathasalsobeenreportedby others,our ex-
perimentshave shown that the presenceof the userin evo-
lutionaryalgorithmssomehow transformsthemfrom a fairly
inefficientsearchprocedure,requiringhundredsof thousands
of fitnessevaluations,into extremelypowerful andefficient
methodswhich can producegood solutionsto moderately
hardproblemsin justhundredsof evaluations.

While this makes user-driven EAs very promising, the
presenceof theuserwithin a computer-basedsystemcreates
anunavoidablebottleneckdueto the limited speedat which
complex evaluationsandcomparisonscanproceed.Thisbot-
tleneckmight seriouslyreducethescalabilityof this classof
methods.

To overcometheuserbottleneck,we have alsoproposeda
strategybasedontheideaof automaticallyinducingprograms
modellingtheuserduringinteractiverunswith smallpopula-
tions to be later deployedasusersubstitutesfor larger-scale
runs. Whetherthis will be a viable techniqueis something
whichremainsto beestablishedin futurework, giventhesur-
prisingresultsof ourpreliminaryexperiments.
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