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Abstract

We presenaninteractive jobshopschedulingapplicationdevelopedwith theHuman-Guide®earch
(HuGS)frameavork andtoolkit. Oursystenmeveragepeoples abilitiesin areasn whichthey currently
outperformcomputers,and allows peopleto steera computertowards effecitive jobshopschedules
basedon their knowledgeof real-world constraints Furthermoreuserscanbetterunderstandjustify,
andmodify schedulesf they partcipaten their construction.Our prototypeallows usersto manually
modify the currentschedulepacktrackto previous schedulesandinvoke, monitor, andhalt a variety
of searchalgorithmsto nd betterschedulesThesesearchalgorithmsincludea variantof talu search
thatuserscanfocusandconstrairby visually annotatingelementf thethe schedule.

1 Intr oduction

TheHuman-GuidedearcHHuUGS)projectis a ongoingeffort to investigateanddevelopinteractve opti-
mizationsystems.We have createdapplicationdor a variety of problems,developedgeneralexhaustve
andheuristicsearchalgorithmsthatareamenabléo humanguidanceandstudiedpeoples ability to guide
thesesearchalgorithms(Andersonet al., 2000;Leshetal., 2000; Scottet al., 2002;Klau et al., 2002a).
Additionally, animportantachiezementof the projectis the HuGStoolkit a simple,functionalcodebase
for interactve optimizationsystemshatsupportdothquick developmentandstate-of-the-anperformance
(Klau etal., 2002b).

In this paper we presentan interactve jobshopschedulingapplicationdevelopedwith the HUGS
framavork andtoolkit. The HuGSframework providesthe usera greaterdegreeof controlthanprevious
interactve optimizationapproacheslt allows usersto manuallymodify solutions,backtrackto previous
solutions,andinvoke, monitor, andhalt a variety of searchalgorithms.More signi cantly, userscancon-
strainandfocusthe searchalgorithmsby assigningmobilities which we describebelaw, to elementsof
the currentsolution.

The HuGStoolkit is Java softwarethat helpsdevelopersquickly createinteractive optimizationsys-
tems. To createan application,the developermust provide domain-speci cde nitions of the classof
possibleproblemsandsolutions,a setof possibletransformation®n solutions,anda graphicalcompo-
nentto visualizethe solutions. The toolkit containsgenericversionsof several, human-guidableearch
algorithmsaswell ascodeto maintainthe currentworking solution, the mobilities, and the history of
solutions.

We have developedaninitial prototypesystemfor interactvely solvingjobshopschedulingproblems.
After providing the backgroundor the HuGS framework, we describethe domain-speci ccomponents
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of the Jobshopapplication,emphasizinghe challenge®f the visualizationcomponentWe alsodescribe
generalextensiongo the HuGStoolkit thatarosewhile developingthe jobshopapplication. Finally, we
discussour initial experiencesvith our prototype.

2 Background: HUGS

2.1 Prior applications

In thissectionwebrie y describahreeadditionalapplicationsof HuGSthatserne asexamplego describe
theHuGSframewvork. For moreinformation,see(Klau etal., 2002a).

The Crossingapplicationis a graphlayout problem(EadesandWormald,1994). A problemconsists
of levels,eachwith nodesandedgesconnectingnodeson adjacentevels. The goalis to rearrange
nodeswithin their level to minimize the numberof intersectionsdetweenedges. A screenshobf the
Crossingapplicationis shovn in Figurel.

The Delivery applicationis a variation of the Traveling SalesmarProblem(Feillet et al., 2001). A
problemconsistf astartingpoint,amaximumdistanceanda setof customergachata x edgeographic
locationwith a givennumberof requesteghackagesThe goalis to deliverasmary packagesspossible
withoutdriving morethanthegivenmaximumdistance A screenshadf theDeliveryapplicationis shavn
in Figurel.

TheProteinapplicationis asimpli ed versionof the protein-foldingproblem,usingthe hydrophobic-
hydrophilicmodelintroducedby Dill (Dill, 1985).A problemconsistof asequencef aminoacids,each
labeledas either hydrophobicor hydrophilic. The sequencenustbe placedon a two-dimensionabrid
without overlapping sothatadjacentaminoacidsin the sequenceemainadjacenin thegrid. Thegoalis
to maximizethe numberof adjacentiydrophobigairs.

2.2 Terminology

We usethe following abstractiongo allow a uniform descriptionof the HuGS applications:problems
solutions moves andelements A problemis aninstanceof the type of problembeingoptimized. For
example,a Proteinproblemconsistof a sequencef aminoacids.

The goal of optimizationis to nd the bestsolutionto the given problem. A Delivery solutionis
a sequencef customers We assumehatfor eachapplicationthereis a methodfor comparingary two
solutionsandthatfor any two solutions oneis betterthantheotheror they areequallygood.As mentioned
in the introduction,however, we assumehatthis total orderingmay merelyapproximatethe real-world
constraintandpreference&nown by theusers. Additionally, for mostapplicationsit is possibleto create
infeasiblesolutionswhichviolate someof the constraint®f theproblem.For example,aDelivery solution
may exceedthe distanceconstraint.

For eachapplicationwe have designed setof possiblemoves or transformationen solutions.Apply-
ing amoveto a solutionproducesa new solution. For example,in the Crossingapplication,onepossible
moveis to swaptwo adjacennhodes.For the Delivery applicationsthemovesincludeaddingor removing
customergrom the currentroute.

Finally, we assumehateachproblemcontainsa nite numberof elementsThe elementf Crossing
arethenodestheelementof Delivery arethe customersandthe elementof Proteinaretheaminoacids.
Eachmove is de ned as operatingon one elementand altering that elementand possibly others. For
example moving anodefrom the 3rd to the 8th positionin alist, andshifting the 4ththrough8th nodesup
one,would operateon the 3rd elementandalterthe 3rd throughthe 8th. As with automaticoptimization,
which movesto includeis animportantdesignchoicefor the developerof anoptimizationsystem.



Figurel: TheCrossingandDelivery Applications.

2.3 Mobilities

Our systemmaintainsanddisplaysa singlecurrentsolution,suchasthe onesshowvn in Figuresl, and 2.
Mobilities areageneraimechanisnthatallow userso visually annotateelementf a solutionin orderto
guidea computersearchto improve this solution. Eachelements assigneda mobility. high, medium,or
low. Thesearchalgorithmis only allowedto exploresolutionsthatcanbereachedy applyingasequence
of movesto the currentsolutionsuchthat eachmove operateson a high-mobility elementand doesnot
alterary low-mobility elements.

We demonstratenobilitieswith a simpleexample.Supposéhe problemcontainssevenelementsand
the solutionsto this problemare all possibleorderingsof theseelements. The only allowed move on
an elementis to swap it with an adjacentelement. Supposehe currentsolutionis asfollows, andwe
have assigneclement3 low mobility (shavn in darkgray),elements and6 mediummobility (shovn in
mediumgray),andtherestof the elementhave high mobility (shovn in light gray):

A searchalgorithm canswap a pair of adjacentelementsonly if at leastone hashigh mobility and
neitherhaslow mobility. It is limited to the spaceof solutionsreachableby a seriesof suchswaps,
including:

Note that settingelement3 to low mobility essentiallydividesthe probleminto two much smaller
subproblemsAlso, while medium-mobilityelementsanchangeposition, their relatve ordercannotbe
changedMobility constraintandrasticallyreducethe searchspacefor this example,thereareonly 12
possiblesolutionswhile without mobilities,thereare  =5040possiblesolutions.We have foundthatthis
generalizedrersionof mobilitiesusefulin all of theapplicationsdescribedabove.

2.4 Guidable Tabu

Talu searchis a heuristicapproacHor exploring a large solutionspacgGlover andLaguna,1997). Like
otherlocal searchtechniquestalu searchexploits aneighborhoodtructurede ned onthesolutionspace.
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In eachiteration,talu searchevaluatesall neighborsof thecurrentsolutionandmovesto thebestone. The
neighborsare evaluatedbothin termsof the problems objective function andby othermetricsdesigned
to encouragenvestigationof unexploredareasof the solutionspace.The classic“diversi cation” mech-
anismthat encouragegxplorationis to maintaina list of “tabu” movesthat aretemporarilyforbidden,
althoughothershave beendeveloped.Recentalu algorithmsoftenalsoinclude“intensi cation” methods
for thoroughlyexploring promisingregions of the solution space(althoughour algorithmdoesnot cur-
rentlyincludesuchmechanisms)in practice thegeneratalu approachs oftencustomizedor individual
applicationgn myriadways(GloverandLaguna,1997).

GTABU a guidabletalu searchalgorithm developedfor HuGS. The algorithm maintainsa current
solutionand currentset of mobilities. In eachiteration, GTABU rst evaluatesall legal moveson the
currentsolutiongiventhecurrentmobilities,in orderto identify which onewouldyield thebestsolution. It
thenappliesthis move, which maymalke thecurrentsolutionworse andthenupdatests currentmobilities
soasto preventcycling andencouragexplorationof new regionsof the searchspace.

Thefactthatthetalu algorithmcontrolsits searchby modifying mobilitiesprovidesseveralimportant
bene ts. First, applying GTABU requiresno additionaleffort from the developerbeyond whatis needed
to allow humanguidanceusing mobilities. Second,userscanmore easily understandhe progressand
effectsof thealgorithm,by viewing the mobility settingsat eachiteration.

In Klau et al. (2002a)we describeaxperimentscomparingguidedtalu searchto unguided(i.e., fully
automatictahu search.The experimentincludedatotal of seventestsubjectsfwo domainsand40trials.
The resultsindicatethat 10 minutesof guidedtalu searchis comparablego, on average,70 minutesof
unguidedalu search.

2.5 Overview of User Actions

We now describethe full rangeof useractionsin the HuGS framawork. In our applicationsthe system
always maintainsa single, currentworking solution which is displayedto the users. The userstry to
improve the currentsolutionby performingthe following threeactions:

1. manuallychoosea move to be appliedto the currentsolution,
2. invoke, monitor, andhalt afocusedsearcHor a bettersolution,

3. revertto apreviousor precomputedolution.

We now describeeachtype of action. Theuserscanmanuallymodify the currentsolutionby perform-
ing ary of the possiblemovesde ned for the currentapplicationon the currentsolution. In mary of our
applicationsa singleuseractionon the GUI caninvoke several moves. In the Delivery application,for
example theusercanselectmultiple customerandremove themall with a singlebuttonpress.

Userscanalsoinvoke a computersearchfor a bettersolution. The searchalgorithm startsfrom the
currentsolution and exploresthe spaceof solutionsthat can be reachedoy applyingmoveswhich are
allowed giventhe mobility assignmentsisdescribedabove. The userscaninvoke a variety of different
searchalgorithms. In additionto GTABU describedabove, we currently provide steepest-desceand
greedyexhaustve searchalgorithms. Both exhaustve algorithms rst evaluateall legal moves,thenall
combinationsof two legal moves, andthenall combinationsof threemoves and so forth, up to some
maximumply. The steepest-desceatgorithmkeepssearchingleeperanddeeperfor the move thatmost
improvesthe currentsolution. The greedyalgorithmimmediatelymakesany move which improvesthe
currentsolutionandthenrestartgts searchto try to improve the solutionthat resultsfrom applyingthat
move. Our initial experiencenasbeenthattalu searchoutperformsexhaustve searchbut it seemsauseful
to provide multiple searchalgorithmsto the users.



After the usershave invoked a searchalgorithm,they canmonitorits progresgo decidewhento halt
it. A text displayshaws the scoreof the bestsolutionthe searchhasfound andhow mary secondsago
this solutionwasfound. At ary time, the usercanquerythe searchalgorithmfor eitherthe bestsolution
foundsofaror thecurrentsolutionit is considering.This solutionbecomeshe currentvisualizedsolution
of the system.While the searchs runningthe usercanmodify the currentvisualizedsolutionor reassign
mobility valuesto problemelements.The usercanrestartthe searchfrom thesecurrentsettings,or halt
thesearch.

Finally, thethird type of useractionis to revertto a previoussolution. The systemmaintainsa history
of previoussolutions which canbe browsedandadoptedoy theusers.The GUI alsoprovidesmenucom-
mandgo quickly undoor redorecentmoves,aswell asrevertto thebestsolutionseersofar. Additionally,
theuserscanbrowseandadopta setof solutionsthatwereprecomputedby the searchalgorithmsprior to
theinteractve optimizationsession.

3 JobshopScheduling

3.1 Problemde nition

The Jobshopapplicationis a widely-studiedtaskschedulingporoblem(Aartsetal., 1994).In thevariation
we consideraproblemconsistof jobsand machinesEachjobis composedf opemationswhich
mustbe performedin a speci ed order The orderedlist of operationdor eachjob is calledanitinerary.
Eachoperationmustbe performedby a particularmachine.In our variation, every job hasexactly one
operatiorthatmustbeperformedneachmachine Eachmachinecanproces®nly oneoperatioratatime.
A jobshopschedulespeci esarosterfor eachmachinewhich indicateshe orderin which theoperations
will be performedon that machine. Given this ordering,a simple algorithm can computethe earliest
possiblestarttime andendtime for eachoperation:eachoperatiorstartsassoonasall predecessorsn its
machines rosterandpredecessorsn its job's itinerary have completed.The endtime of an operationis
simply its starttime plusits duration.Thegoalisto nd aschedulevhich minimizesthetimethatthelast
job nishes, calledthe malespan

In ourapplicationwe de ne problemssolutions glementsandmovesasfollows. A Jobshopproblem
speci esthe numberof jobs,the numberof machinesanitineraryfor eachjob, andthe durationof each
operation.A Jobshogsolutionis arosterfor eachmachine.The Jobshopelementsarethe operationsWe
allow insertionmoveswhich move oneoperatiorto anearlieror laterpositionon its machines rosterand
shifts the otheroperationsaccordingly The searchroutinesonly considershifting an operationby one
position,but the userscanmanuallyperformary insertionmove.

A usefulconceptin jobshopschedulings calledthe critical path, which identi es the operationghat
are the bottleneckof the currentschedule. The critical pathcanbe recursvely de ned asfollows: the
operation(skhat nish lastareon the critical path. Operation is on the critical pathif thereexists
operation onthecritical pathsuchthat immediatelyprecedes on eitherits itineraryor roster and

endsatthe sametime that  begins. It is impossibleto improve the makesparnof a schedulewithout
changingherosterpositionof atleastoneoperationonthecritical path. Therefore pur searchalgorithms
only evaluatemovesthatalteroperationon thecritical path.

3.2 Jobshopvisualization

Thejobshopvisualizationwasthe mostchallengingwe have designedecausehereis moreinformation
to displayabouteachproblemelementthanin the otherapplications.Our designgoal wasto make the
following informationavailableto the userabouteachoperation:

starttime



Figure2: The JobshopApplication: the screenshoabove shavs our visualizationin the modefor viewing opera-
tionsby roster wherethebackgroundolor of eachoperationindicateswhich job the operationis on. A white band
in the middle of an operationindicatesit is on the critical path,anda purple bandon the bottom of an operation
indicatests rosterpositionhaschangedrom the previously displayedsolution. Jobnumber5 hasbeenselectedy
theuser by double-clickingon oneof its operationsandsoits operationsarepaintedblack

duration

mobility

its job

positionin its itinerary

its machine

positionin its roster

if it is onthecritical path

if it is currentlyselectedrequiredfor varioususeractions)

if its currentrosterpositionis differentthanon the previously displayedsolution*

As shown in Figure2, our visualizationusesGantcharts,a standardnechanismo displayschedules.
Eachoperationis representedyy a rectanglewith a lengththatis proportionalto the durationof that
operation.Thex-locationof therectanglendicatesthe starttime of the operationin the currentschedule.
They-locationof the rectangledependon whetherthe userchoosego view itinerariesor rosters.If the
userviews rosters,theneachrow of the Gantchartrepresentshe actvity of onemachine. If the user
views itineraries,eachrow representall the operationsof onejob. While viewing rostersis generally
moreuseful,viewing itinerariesallows usersto quickly obsere whentheidle time for eachjob occursas
well aswhich of eachjob's operationdie onthecritical path.

The backgroundcolor of eachoperationdisplayseitherits mobility or its job; the usercantoggle
betweerthe two. Thesearetwo of the mostimportantpiecesof informationfor the userandhenceit is

10our experiencenasbeenthatwithout ary indicationof whathaschangedit is very dif cult to know whathashappened
when,for example the searchalgorithmreturnsa new solution.
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imperatve thatthe userbe ableto perceve themat a glance.While it would be preferablgo displayboth
atthesametime, we foundthatif we displayedboth simultaneouslyhenneitherwaseasilypercevable.

A toggleswitch allows the job ID anditinerary positionto be dravn on top of eachoperationwhen
viewing rosters.For example,we draw “4.5” for the fth operationonthefourth job.

The restof the informationis conveyed with thin, horizontalbandsdravn in eachoperation. Each
bandis 1/5 thetotal heightof the rectanglefor the operation.A white bandin the middle of anoperation
indicatesit is onthecritical path. This bandstandsout well againsthe solid backgrounctolors,allowing
theuserto quickly percevethisimportantinformation. A purplebandalongthebottomindicategheoper
ationhaschangedositioncomparedo theprevioussolution.A bandalongthetopis usedto indicatethe
jobid if themobilitiesarebeingshonvn. Thesebandsallow usersto detectthe correspondingnformation
if the userfocuseson them,but do not distractthe usersunnecessarilyAll bandscanbe toggledon and
off by theuser

Userscanselector unselecboperationsndividually (by clicking on an operation) by job (by double
clicking on ary of the job's operations)or by rectangularegion in the Gantchart. Selectionis used
to changemobilities or mark operationgmarkingis describedoelow). In our visualization,a selected
operations backgrounctolor is setto black,andthetop bandshawsits job id.

3.3 Extensionsto HUGS

We now presentwo genericextensionsto HuGSwe developedwhile creatingthe Jobshopapplication.
We alsodescribenow theseextensionsvereusedwithin the Jobshomapplication.

The rst extensionwasmotivatedby thefactthatwhentheusermanuallymodi es the currentjobshop
solution,it oftenincreaseshe makespardramatically Quiteoftenmuchof thelossin solution-qualitycan
berecoreredby makingsmalladjustmentso otherpartsof the schedule However, it is typically dif cult
for the userto visually identify wherein the schedulghesesmalladjustmentsieedto be made.

To addresghis problem,we createda powermove option. Enablingpower moveschangeshe seman-
tics of manualmovesmadeby the user After eachmanualmove,the HuGSapplicationinitiatesa greedy
exhaustve searchwith the maximumply setto one,onthe solutionthatresultsfrom applyingthe manual
move to the currentsolution. Therestrictionon maximumply forcesthe searchto completequickly.

To preventthesystemfrom immediatelyun-doingthemove thatthe userperformedthesystencreates
acopy of the currentmobilitiesandsetsall elementsalteredby the users move to low mobility. This set
of mobilitiesis saved. If the userholdsdown the shift key while makingthe next manualmove, then
the systemusesthe saved mobilities, againsettingthe elementsalteredby the currentmove to low, to
constrainthe greedyexhaustve search. Thus, the usercan make a sequencef power moves without
having the systemundoary of theusers modi cations.

The codefor power moveswas madeentirely within the genericHuGStoolkit, andthusall of our
applicationswvereableto take immediateadvantageof this extension.We discusshe useof thesemoves
in the sectionbelow.

The secondextensionto HuGS s a genericmechanismand corresponding/isualizationsthat allow
the userto tailor the objectie functionfor eachinvocationof the searchalgorithm. Developersof HUGS
applicationscannow provide the userwith a setof parameteror controllingthe search Eachparameter
is givenanamecanbeabooleanjnteger, or adoublevalue. Theusercontrolledvaluesarefed asinputto
theHuGScomponentshatcomputeandcomparethe score(or cost)of the solutions.

We increasedhe expressvenesf objectve-functioncontrol by allowing usersto mark selectecele-
ments.Eachapplications visualizationcomponenmustindicatewhich elementsaremarked. In Jobshop,
markedoperationsaredravn with adiagonalline from theupperleft cornerto thelowerright corner

In Jobshopwe found that usersoften could identify troublesomeoperationghat they wantedmoved
eitherearlieror laterin theschedulebut werenotsurehow to accomplishthis. To allow usergo encourage



the searchalgorithmto shift operationsn a particulardirection,we designedearlier” and“later” control
parameterslf the usermarkssomeelementsandsetsthe “earlier” controlto true, the systemwill try to
minimize the sum of the rosterpositionof the marked elements. The useralso hasan integer control-
parametercalled “budget” which indicateshow muchthe searchalgorithmcan“spend” to achieve this
goal. If the budgetis 0, thenthe searchalgorithmwill usethe positionof the marked elementsonly to
breakties betweentwo scheduleghat would otherwiseappearequally good. If the budgetis 10, then
thealgorithmcanreducethe makesparby up to 10 unitsin orderto nd aschedulan whichthe marked
elementsaappeaearlierin their rosters.

Anothercontrol-parametan our Jobshompplications anintegerparametecalled“spansize”.Recall
thatthe objective functionis to reducethe makespanj.e., thetime thatthe last operation nishes. With
spansize , the systemcomparesolutionsbasedon whenthelast machinesompletetheir operations,
usingthe lexicographicordering. This featureis especiallyusefulwhenthe secondo lastmachinecom-
pletesits operationgust beforethe last machine nishes its operations.The disadantageof settingthe
spansizéigh is thatit slows optimization,sincenow therearemultiple critical paths.Our initial experi-
mentssuggesthata spansizef 3 produceghe bestresultsfor unguidedsearch.

4 Initial Experiencewith HUGS Jobshop

Theauthorsof this paperhave usedthis systemon a variety of problemsjncludingthe“swv00”-“swv10”
instance®fsize20 10and20 15(Storeretal., 1992)andthefour “yn1”-“yn4” instance®f size20 20
(YamadandNakano,1992)availableat http://www.ms.ic.ac.uk/info.htmMWe now reporton ourinformal
obsenationsfrom thisinitial exploration.

Onthe negative side,unlike Crossingand Delivery, we rarely found it productive to focusthe search
algorithmson subproblemsisingthemobilities. Our explanationis thattheoperationsn agivenschedule
arehighly interconnectedndsolocal changesrerarelysufcient to improve theschedule.

Mobilities were, however, quite useful. A typical usagepatternwasto changethe rosterposition of
one or more operationssetthemto low mobility, andinvoke the searchalgorithm. The low-mobility
settingdorcethesearchalgorithmto adjustotherpartsof the schedule After the userhaltsthesearchthe
usercanresetall operationgo high mobility andinvoke the searchalgorithmagain. This combinationof
movesoften produceda new bestsolutionby forcing the systemout of its local minimum. Without the
low mobilities, the rst searchwould oftenreturnimmediatelyto the previouslocal minimum.

An additionaluseof mobilities wasto swap the rosterposition of two operationsand setthemboth
to mediummobility. This imposesthe constraintthat the relative orderof the two operationscannotbe
changedbut otherwiseallows all moves.

Both extensiongo HuGSdescribedabore proved useful. Pover movesproducedhe desiredresults
andgivetheuserabettersensef theimplicationsof amanualmove. Theability to encourage¢he system
to move operationsearlier or later seemsespeciallyeffective. With this feature,the userscan corvey
a generalideafor how to optimize the scheduleand let the searchalgorithmspursueit. Prior to this
feature,pursuingsimilar ideasoften requireda long seriesof manualmovesandsearchesFinally, users
often adjustthe spansizeduring the optimizationsessionbasedon how mary machinescompletetheir
operationsiearthe makespann the currentschedule.

A particularlysubjectve impressions thatstratgy playsamoresigni cant role in the Jobshopappli-
cationthanin the otherHuGSapplications.The usercanoftenthink multiple movesaheadnoticing that
if someoperationis moved earlieror laterit will provide e xibility for someotheroperationwhich, if
moved, will provide e xibility for someotheroperationandso on, eventuallyconnectingo the critical
path.



5 RelatedWork

Interactve optimization systemshave beenbuilt for a variety of applications,including space-shuttle
scheduling(Chienetal., 1999),graphdraving (Nascimentcand Eades2001),graphpartitioning (Lesh
etal., 2000),vehiclerouting (Waters,1984;Bracklav etal., 1992;Andersoretal., 2000),andconstraint-
baseddraving (Nelson,1985;HeydonandNelson,1994;GleicherandWitkin, 1994;Ryall etal., 1997).

Otherresearchasexploredalternatve methodgor dividing the work betweerhumanandcomputer
in cooperatie optimizationor design.In the space-shuttlschedulingapplication(Chienetal., 1999),for
example thecomputedetectsandresolhescon icts introducedby theusersre nementsto ascheduleln
interactve constraint-basedraving applications.g.,(Nelson,1985;HeydonandNelson,1994;Gleicher
andWitkin, 1994;Ryall etal., 1997),the userimposesgeometricor topologicalconstrainton a nascent
draving suchthatsubsequenisermanipulationis constrainedo usefulareas.The interactve-esolution
paradigm,which hasprimarily beenappliedto designproblems,offers a differenttype of cooperation
(Sims,1991; ToddandLatham,1992).In thisapproachthe computemgeneratesuccessie populationof
novel designdasedn previousones andtheuserselectsvhich of thenew designgo accepandwhichto
reject. Thusnovel designsevolve, subjectto usersuppliedselectiorcriteria. This paradigmhasfounduse
in variouscomputergraphicsapplications. The HUGS paradigmdiffers signi cantly from the iterative-
repair constraint-basedndinteractve-evolution paradigmsn affording the usergreatinvolvementand
greatercontrol of the optimization/desigmrocess.

A preliminaryversionof theJobshompplicationhasbeendescribedrie y in ourpreviouswork (Klau
etal., 2002b,a).0Of course therehasbeenextensie researcton automaticoptimizationfor the jobshop
problem(e.g.,ApplegateandCook.(1991);Aartsetal. (1994)).

6 Conclusion

We have describedinew interactvejobshopschedulingapplicationdevelopedusingtheHuGStoolkit. We
inheritthepowerful, albeitgenericjocal-searclalgorithmsfrom theHuG Stoolkit andhave notfocusecn
improving the ef ciency of thesealgorithmsfor this speci ¢ algorithm. Instead we focusedon improv-
ing the interactionbetweenthe applicationandthe user The visual userinterfaceproved a signi cant
challengeasthe jobshopproblemrequiresdisplayinga greatdealof informationof varioustypesto the
enduser We alsodevelopedgeneralmechanisms$or improving interactionthathave becomepartof the
toolkit: power movesandusercontrolledobjective functionscombinedwith marking.

Our preliminary experiencesuggestshat userscanguidethe searchalgorithmsin our applicationto
improve performancever purely automaticalgorithms.More importantly the interactvity of our appli-
cationallows usersto steerthe searchalgorithmtoward solutionsthatre ect their real-world knowledge
of constraintsandpreferencesandimprovesusertrustandunderstandingf solutionsby allowing them
to participaten their construction.

In the future, we plan to experimentwith othervisualizationswhich will provide more information
aboutwhich operationsare“near” thecritical path,aswell asthosethatareonit. We alsoplanto perform
thoroughuserstudiesalongthelinesof thosereportedn (Klau etal., 2002a)for theCrossingandDelivery
applications.
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