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Abstract

Wepresentaninteractive jobshopschedulingapplicationdevelopedwith theHuman-GuidedSearch
(HuGS)framework andtoolkit. Oursystemleveragespeople'sabilitiesin areasin whichthey currently
outperformcomputers,and allows peopleto steera computertowardseffecitive jobshopschedules
basedon their knowledgeof real-world constraints.Furthermore,userscanbetterunderstand,justify,
andmodify schedulesif they partcipatein their construction.Our prototypeallows usersto manually
modify thecurrentschedule,backtrackto previousschedules,andinvoke, monitor, andhalt a variety
of searchalgorithmsto �nd betterschedules.Thesesearchalgorithmsincludea variantof tabu search
thatuserscanfocusandconstrainby visuallyannotatingelementsof thetheschedule.

1 Intr oduction

TheHuman-GuidedSearch(HuGS)projectis aongoingeffort to investigateanddevelopinteractiveopti-
mizationsystems.We have createdapplicationsfor a varietyof problems,developedgeneralexhaustive
andheuristicsearchalgorithmsthatareamenableto humanguidance,andstudiedpeople'sability to guide
thesesearchalgorithms(Andersonet al., 2000;Leshet al., 2000;Scottet al., 2002;Klau et al., 2002a).
Additionally, an importantachievementof theprojectis theHuGStoolkit a simple,functionalcodebase
for interactiveoptimizationsystemsthatsupportsbothquickdevelopmentandstate-of-the-artperformance
(Klau etal., 2002b).

In this paper, we presentan interactive jobshopschedulingapplicationdevelopedwith the HuGS
framework andtoolkit. TheHuGSframework providestheusera greaterdegreeof control thanprevious
interactive optimizationapproaches.It allows usersto manuallymodify solutions,backtrackto previous
solutions,andinvoke,monitor, andhalt a varietyof searchalgorithms.More signi�cantly, userscancon-
strainandfocusthesearchalgorithmsby assigningmobilities, which we describebelow, to elementsof
thecurrentsolution.

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

We havedevelopedaninitial prototypesystemfor interactively solvingjobshopschedulingproblems.
After providing the backgroundfor the HuGSframework, we describethe domain-speci�ccomponents
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of theJobshopapplication,emphasizingthechallengesof thevisualizationcomponent.We alsodescribe
generalextensionsto theHuGStoolkit thatarosewhile developingthe jobshopapplication.Finally, we
discussour initial experienceswith ourprototype.

2 Background: HuGS

2.1 Prior applications

In thissection,webrie�y describethreeadditionalapplicationsof HuGSthatserveasexamplestodescribe
theHuGSframework. For moreinformation,see(Klau etal., 2002a).

TheCrossingapplicationis a graphlayoutproblem(EadesandWormald,1994).A problemconsists
of � levels,eachwith � nodes,andedgesconnectingnodeson adjacentlevels. Thegoal is to rearrange
nodeswithin their level to minimize the numberof intersectionsbetweenedges. A screenshotof the
Crossingapplicationis shown in Figure1.

The Delivery applicationis a variationof the Traveling SalesmanProblem(Feillet et al., 2001). A
problemconsistsof astartingpoint,amaximumdistance,andasetof customerseachata�x edgeographic
locationwith a givennumberof requestedpackages.Thegoal is to deliverasmany packagesaspossible
withoutdriving morethanthegivenmaximumdistance.A screenshotof theDeliveryapplicationis shown
in Figure1.

TheProteinapplicationis asimpli�ed versionof theprotein-foldingproblem,usingthehydrophobic-
hydrophilicmodelintroducedby Dill (Dill, 1985).A problemconsistsof asequenceof aminoacids,each
labeledaseitherhydrophobicor hydrophilic. The sequencemustbe placedon a two-dimensionalgrid
withoutoverlapping,sothatadjacentaminoacidsin thesequenceremainadjacentin thegrid. Thegoalis
to maximizethenumberof adjacenthydrophobicpairs.

2.2 Terminology

We usethe following abstractionsto allow a uniform descriptionof the HuGSapplications:problems,
solutions, moves, andelements. A problemis an instanceof the type of problembeingoptimized. For
example,aProteinproblemconsistsof asequenceof aminoacids.

The goal of optimizationis to �nd the bestsolution to the given problem. A Delivery solution is
a sequenceof customers.We assumethat for eachapplicationthereis a methodfor comparingany two
solutionsandthatfor any two solutions,oneis betterthantheotheror they areequallygood.As mentioned
in the introduction,however, we assumethat this total orderingmaymerelyapproximatethe real-world
constraintsandpreferencesknown by theusers.Additionally, for mostapplications,it is possibleto create
infeasiblesolutionswhichviolatesomeof theconstraintsof theproblem.For example,aDeliverysolution
mayexceedthedistanceconstraint.

For eachapplicationwehavedesignedasetof possiblemoves, or transformationsonsolutions.Apply-
ing a move to a solutionproducesa new solution.For example,in theCrossingapplication,onepossible
moveis to swaptwo adjacentnodes.For theDeliveryapplications,themovesincludeaddingor removing
customersfrom thecurrentroute.

Finally, we assumethateachproblemcontainsa �nite numberof elements. Theelementsof Crossing
arethenodes,theelementsof Deliveryarethecustomers,andtheelementsof Proteinaretheaminoacids.
Eachmove is de�ned asoperatingon oneelementand altering that elementandpossiblyothers. For
example,moving anodefrom the3rdto the8thpositionin alist, andshiftingthe4ththrough8thnodesup
one,would operateon the3rd elementandalterthe3rd throughthe8th. As with automaticoptimization,
whichmovesto includeis animportantdesignchoicefor thedeveloperof anoptimizationsystem.
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Figure1: TheCrossingandDeliveryApplications.

2.3 Mobilities

Our systemmaintainsanddisplaysa singlecurrentsolution,suchastheonesshown in Figures1, and 2.
Mobilities areageneralmechanismthatallow usersto visuallyannotateelementsof asolutionin orderto
guidea computersearchto improve this solution.Eachelementis assigneda mobility: high,medium,or
low. Thesearchalgorithmis only allowedto exploresolutionsthatcanbereachedby applyingasequence
of movesto the currentsolutionsuchthat eachmove operateson a high-mobility elementanddoesnot
alterany low-mobility elements.

We demonstratemobilitieswith a simpleexample.Supposetheproblemcontainssevenelementsand
the solutionsto this problemare all possibleorderingsof theseelements.The only allowed move on
an elementis to swap it with an adjacentelement. Supposethe currentsolution is as follows, andwe
have assignedelement3 low mobility (shown in darkgray),element5 and6 mediummobility (shown in
mediumgray),andtherestof theelementshavehighmobility (shown in light gray):

A searchalgorithmcanswap a pair of adjacentelementsonly if at leastonehashigh mobility and
neitherhas low mobility. It is limited to the spaceof solutionsreachableby a seriesof suchswaps,
including:

Note that settingelement3 to low mobility essentiallydivides the probleminto two much smaller
subproblems.Also, while medium-mobilityelementscanchangeposition,their relative ordercannotbe
changed.Mobility constraintscandrasticallyreducethesearchspace;for this example,thereareonly 12
possiblesolutions,while withoutmobilities,thereare

���

=5040possiblesolutions.Wehavefoundthatthis
generalizedversionof mobilitiesusefulin all of theapplicationsdescribedabove.

2.4 Guidable Tabu

Tabu searchis a heuristicapproachfor exploring a largesolutionspace(GloverandLaguna,1997).Like
otherlocalsearchtechniques,tabu searchexploitsaneighborhoodstructurede�ned onthesolutionspace.
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In eachiteration,tabu searchevaluatesall neighborsof thecurrentsolutionandmovesto thebestone.The
neighborsareevaluatedboth in termsof theproblem's objective functionandby othermetricsdesigned
to encourageinvestigationof unexploredareasof thesolutionspace.Theclassic“diversi�cation” mech-
anismthat encouragesexplorationis to maintaina list of “tabu” movesthat aretemporarilyforbidden,
althoughothershavebeendeveloped.Recenttabu algorithmsoftenalsoinclude“intensi�cation” methods
for thoroughlyexploring promisingregionsof the solutionspace(althoughour algorithmdoesnot cur-
rently includesuchmechanisms).In practice,thegeneraltabu approachis oftencustomizedfor individual
applicationsin myriadways(GloverandLaguna,1997).

GTABU a guidabletabu searchalgorithm developedfor HuGS.The algorithm maintainsa current
solutionandcurrentset of mobilities. In eachiteration, GTABU �rst evaluatesall legal moveson the
currentsolutiongiventhecurrentmobilities,in orderto identify whichonewouldyield thebestsolution.It
thenappliesthismove,whichmaymakethecurrentsolutionworse,andthenupdatesits currentmobilities
soasto preventcycling andencourageexplorationof new regionsof thesearchspace.

Thefactthatthetabu algorithmcontrolsits searchby modifyingmobilitiesprovidesseveralimportant
bene�ts. First, applyingGTABU requiresno additionaleffort from thedeveloperbeyondwhat is needed
to allow humanguidanceusingmobilities. Second,userscanmoreeasilyunderstandthe progressand
effectsof thealgorithm,by viewing themobility settingsateachiteration.

In Klau et al. (2002a)we describeexperimentscomparingguidedtabu searchto unguided(i.e., fully
automatic)tabu search.Theexperimentincludeda totalof seventestsubjects,two domains,and40 trials.
The resultsindicatethat 10 minutesof guidedtabu searchis comparableto, on average,70 minutesof
unguidedtabu search.

2.5 Overview of UserActions

We now describethe full rangeof useractionsin theHuGSframework. In our applications,thesystem
always maintainsa single, currentworking solution which is displayedto the users. The userstry to
improvethecurrentsolutionby performingthefollowing threeactions:

1. manuallychooseamove to beappliedto thecurrentsolution,

2. invoke,monitor, andhalta focusedsearchfor abettersolution,

3. revert to apreviousor precomputedsolution.

Wenow describeeachtypeof action.Theuserscanmanuallymodify thecurrentsolutionby perform-
ing any of thepossiblemovesde�ned for thecurrentapplicationon thecurrentsolution. In many of our
applications,a singleuseractionon theGUI caninvoke severalmoves. In theDelivery application,for
example,theusercanselectmultiplecustomersandremove themall with a singlebuttonpress.

Userscanalsoinvoke a computersearchfor a bettersolution. The searchalgorithmstartsfrom the
currentsolutionandexploresthe spaceof solutionsthat canbe reachedby applyingmoveswhich are
allowed given the mobility assignmentsasdescribedabove. The userscaninvoke a variety of different
searchalgorithms. In addition to GTABU describedabove, we currently provide steepest-descentand
greedyexhaustive searchalgorithms. Both exhaustive algorithms�rst evaluateall legal moves,thenall
combinationsof two legal moves,and then all combinationsof threemovesandso forth, up to some
maximumply. Thesteepest-descentalgorithmkeepssearchingdeeperanddeeperfor themove thatmost
improvesthe currentsolution. The greedyalgorithmimmediatelymakesany move which improvesthe
currentsolutionandthenrestartsits searchto try to improve thesolutionthat resultsfrom applyingthat
move. Our initial experiencehasbeenthattabu searchoutperformsexhaustivesearchbut it seemsuseful
to providemultiplesearchalgorithmsto theusers.
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After theusershave invokeda searchalgorithm,they canmonitor its progressto decidewhento halt
it. A text displayshows the scoreof the bestsolutionthe searchhasfound andhow many secondsago
this solutionwasfound. At any time, theusercanquerythesearchalgorithmfor eitherthebestsolution
foundsofaror thecurrentsolutionit is considering.Thissolutionbecomesthecurrentvisualizedsolution
of thesystem.While thesearchis runningtheusercanmodify thecurrentvisualizedsolutionor reassign
mobility valuesto problemelements.Theusercanrestartthesearchfrom thesecurrentsettings,or halt
thesearch.

Finally, thethird typeof useractionis to revert to aprevioussolution.Thesystemmaintainsahistory
of previoussolutions,whichcanbebrowsedandadoptedby theusers.TheGUI alsoprovidesmenucom-
mandsto quickly undoor redorecentmoves,aswell asrevertto thebestsolutionseensofar. Additionally,
theuserscanbrowseandadopta setof solutionsthatwereprecomputedby thesearchalgorithmsprior to
theinteractiveoptimizationsession.

3 JobshopScheduling

3.1 Problemde�nition

TheJobshopapplicationis a widely-studiedtaskschedulingproblem(Aartsetal., 1994).In thevariation
weconsider, a problemconsistsof � jobsand � machines.Eachjob is composedof � operationswhich
mustbeperformedin a speci�ed order. Theorderedlist of operationsfor eachjob is calledanitinerary.
Eachoperationmustbe performedby a particularmachine.In our variation,every job hasexactly one
operationthatmustbeperformedoneachmachine.Eachmachinecanprocessonlyoneoperationatatime.
A jobshopschedulespeci�esa rosterfor eachmachine,which indicatestheorderin which theoperations
will be performedon that machine. Given this ordering,a simple algorithm can computethe earliest
possiblestarttimeandendtime for eachoperation:eachoperationstartsassoonasall predecessorson its
machine's rosterandpredecessorson its job's itineraryhave completed.Theendtime of anoperationis
simply its starttimeplusits duration.Thegoalis to �nd aschedulewhichminimizesthetime thatthelast
job �nishes,calledthemakespan.

In ourapplication,wede�ne problems,solutions,elements,andmovesasfollows. A Jobshopproblem
speci�esthenumberof jobs,thenumberof machines,an itineraryfor eachjob, andthedurationof each
operation.A Jobshopsolutionis a rosterfor eachmachine.TheJobshopelementsaretheoperations.We
allow insertionmoveswhichmoveoneoperationto anearlieror laterpositionon its machine's rosterand
shifts the otheroperationsaccordingly. The searchroutinesonly considershifting an operationby one
position,but theuserscanmanuallyperformany insertionmove.

A usefulconceptin jobshopschedulingis calledthecritical path, which identi�es theoperationsthat
are the bottleneckof the currentschedule.The critical pathcanbe recursively de�ned asfollows: the
operation(s)that �nish last are on the critical path. Operation �

� is on the critical path if thereexists
operation�

� on thecritical pathsuchthat �

� immediatelyprecedes�

� on eitherits itineraryor roster, and
�

� endsat thesametime that �

� begins. It is impossibleto improve themakespanof a schedulewithout
changingtheroster-positionof at leastoneoperationonthecritical path.Therefore,oursearchalgorithms
only evaluatemovesthatalteroperationson thecritical path.

3.2 Jobshopvisualization

Thejobshopvisualizationwasthemostchallengingwe have designedbecausethereis moreinformation
to displayabouteachproblemelementthanin the otherapplications.Our designgoal wasto make the
following informationavailableto theuserabouteachoperation:

� starttime
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Figure2: TheJobshopApplication: thescreenshotabove shows our visualizationin themodefor viewing opera-
tionsby roster, wherethebackgroundcolorof eachoperationindicateswhich job theoperationis on. A whiteband
in the middle of an operationindicatesit is on the critical path,anda purplebandon the bottomof an operation
indicatesits roster-positionhaschangedfrom thepreviously displayedsolution.Jobnumber5 hasbeenselectedby
theuser, by double-clickingon oneof its operations,andsoits operationsarepaintedblack

� duration
� mobility
� its job
� positionin its itinerary
� its machine
� positionin its roster
� if it is on thecritical path
� if it is currentlyselected(requiredfor varioususeractions)
� if its currentroster-positionis differentthanon thepreviouslydisplayedsolution1

As shown in Figure2, our visualizationusesGantcharts,a standardmechanismto displayschedules.
Eachoperationis representedby a rectanglewith a length that is proportionalto the durationof that
operation.Thex-locationof therectangleindicatesthestarttimeof theoperationin thecurrentschedule.
They-locationof therectangledependson whethertheuserchoosesto view itinerariesor rosters.If the
userviews rosters,theneachrow of the Gantchart representsthe activity of onemachine. If the user
views itineraries,eachrow representsall the operationsof one job. While viewing rostersis generally
moreuseful,viewing itinerariesallowsusersto quickly observewhentheidle time for eachjob occursas
well aswhich of eachjob'soperationslie on thecritical path.

The backgroundcolor of eachoperationdisplayseither its mobility or its job; the usercan toggle
betweenthe two. Thesearetwo of themostimportantpiecesof informationfor theuserandhenceit is

1Our experiencehasbeenthatwithout any indicationof whathaschanged,it is very dif�cult to know whathashappened
when,for example,thesearchalgorithmreturnsa new solution.
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imperative thattheuserbeableto perceive themataglance.While it would bepreferableto displayboth
at thesametime,we foundthatif wedisplayedbothsimultaneouslythenneitherwaseasilyperceivable.

A toggleswitch allows the job ID anditinerarypositionto be drawn on top of eachoperationwhen
viewing rosters.For example,we draw “4.5” for the�fth operationon thefourth job.

The restof the informationis conveyed with thin, horizontalbandsdrawn in eachoperation. Each
bandis 1/5 thetotal heightof therectanglefor theoperation.A white bandin themiddleof anoperation
indicatesit is on thecritical path.Thisbandstandsoutwell againstthesolidbackgroundcolors,allowing
theuserto quickly perceivethis importantinformation.A purplebandalongthebottomindicatestheoper-
ationhaschangedpositioncomparedto theprevioussolution.A bandalongthetop is usedto indicatethe
job id if themobilitiesarebeingshown. Thesebandsallow usersto detectthecorrespondinginformation
if theuserfocuseson them,but do not distracttheusersunnecessarily. All bandscanbetoggledon and
off by theuser.

Userscanselector unselectoperationsindividually (by clicking on anoperation),by job (by double
clicking on any of the job's operations),or by rectangularregion in the Gantchart. Selectionis used
to changemobilities or mark operations(marking is describedbelow). In our visualization,a selected
operation'sbackgroundcolor is setto black,andthetopbandshows its job id.

3.3 Extensionsto HuGS

We now presenttwo genericextensionsto HuGSwe developedwhile creatingthe Jobshopapplication.
Wealsodescribehow theseextensionswereusedwithin theJobshopapplication.

The�rst extensionwasmotivatedby thefactthatwhentheusermanuallymodi�es thecurrentjobshop
solution,it oftenincreasesthemakespandramatically. Quiteoftenmuchof thelossin solution-qualitycan
berecoveredby makingsmalladjustmentsto otherpartsof theschedule.However, it is typically dif�cult
for theuserto visually identify wherein theschedulethesesmalladjustmentsneedto bemade.

To addressthisproblem,wecreatedapowermoveoption.Enablingpowermoveschangestheseman-
ticsof manualmovesmadeby theuser. After eachmanualmove,theHuGSapplicationinitiatesagreedy
exhaustivesearch,with themaximumply setto one,on thesolutionthatresultsfrom applyingthemanual
moveto thecurrentsolution.Therestrictionon maximumply forcesthesearchto completequickly.

To preventthesystemfrom immediatelyun-doingthemovethattheuserperformed,thesystemcreates
a copy of thecurrentmobilitiesandsetsall elementsalteredby theuser's move to low mobility. This set
of mobilities is saved. If the userholdsdown the shift key while makingthe next manualmove, then
the systemusesthe saved mobilities, againsettingthe elementsalteredby the currentmove to low, to
constrainthe greedyexhaustive search. Thus, the usercan make a sequenceof power moveswithout
having thesystemundoany of theuser's modi�cations.

The codefor power moveswasmadeentirely within the genericHuGStoolkit, andthusall of our
applicationswereableto take immediateadvantageof this extension.We discusstheuseof thesemoves
in thesectionbelow.

The secondextensionto HuGSis a genericmechanismandcorrespondingvisualizationsthat allow
theuserto tailor theobjective functionfor eachinvocationof thesearchalgorithm.Developersof HuGS
applicationscannow provide theuserwith asetof parametersfor controllingthesearch.Eachparameter
is givenanamecanbeaboolean,integer, or adoublevalue.Theuser-controlledvaluesarefedasinput to
theHuGScomponentsthatcomputeandcomparethescore(or cost)of thesolutions.

We increasedtheexpressivenessof objective-functioncontrolby allowing usersto markselectedele-
ments.Eachapplication'svisualizationcomponentmustindicatewhichelementsaremarked.In Jobshop,
markedoperationsaredrawn with adiagonalline from theupperleft cornerto thelower right corner.

In Jobshopwe found thatusersoftencould identify troublesomeoperationsthat they wantedmoved
eitherearlieror laterin theschedule,but werenotsurehow to accomplishthis. Toallow usersto encourage
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thesearchalgorithmto shift operationsin aparticulardirection,wedesigned“earlier” and“later” control
parameters.If theusermarkssomeelementsandsetsthe“earlier” control to true,thesystemwill try to
minimize the sumof the roster-positionof the marked elements.The useralsohasan 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 schedulesthat would otherwiseappearequallygood. If the budgetis 10, then
thealgorithmcanreducethemakespanby up to 10 units in orderto �nd a schedulein which themarked
elementsappearearlierin their rosters.

Anothercontrol-parameterin ourJobshopapplicationis anintegerparametercalled“spansize”.Recall
that theobjective function is to reducethemakespan,i.e., the time that the lastoperation�nishes. With
spansize

�

, thesystemcomparessolutionsbasedon whenthe last
�

machinescompletetheir operations,
usingthe lexicographicordering.This featureis especiallyusefulwhenthesecondto lastmachinecom-
pletesits operationsjust beforethe last machine�nishes its operations.Thedisadvantageof settingthe
spansizehigh is that it slows optimization,sincenow therearemultiple critical paths.Our initial experi-
mentssuggestthataspansizeof 3 producesthebestresultsfor unguidedsearch.

4 Initial Experiencewith HuGS Jobshop

Theauthorsof thispaperhaveusedthissystemonavarietyof problems,includingthe“swv00”-“swv10”
instancesof size20 � 10and20 � 15(Storeretal., 1992)andthefour “yn1”-“yn4” instancesof size20 � 20
(YamadaandNakano,1992)availableathttp://www.ms.ic.ac.uk/info.html.Wenow reportonourinformal
observationsfrom this initial exploration.

On thenegative side,unlike CrossingandDelivery, we rarely foundit productive to focusthesearch
algorithmsonsubproblemsusingthemobilities.Ourexplanationis thattheoperationsin agivenschedule
arehighly interconnectedandsolocalchangesarerarelysuf�cient to improvetheschedule.

Mobilities were,however, quite useful. A typical usagepatternwasto changethe roster-positionof
oneor moreoperations,set themto low mobility, and invoke the searchalgorithm. The low-mobility
settingsforcethesearchalgorithmto adjustotherpartsof theschedule.After theuserhaltsthesearch,the
usercanresetall operationsto high mobility andinvoke thesearchalgorithmagain.This combinationof
movesoftenproduceda new bestsolutionby forcing thesystemout of its local minimum. Without the
low mobilities,the�rst searchwouldoftenreturnimmediatelyto thepreviouslocal minimum.

An additionaluseof mobilities wasto swap the roster-positionof two operationsandsetthemboth
to mediummobility. This imposesthe constraintthat the relative orderof the two operationscannotbe
changed,but otherwiseallowsall moves.

Both extensionsto HuGSdescribedabove proveduseful. Power movesproducedthedesiredresults
andgivetheuserabettersenseof theimplicationsof amanualmove.Theability to encouragethesystem
to move operationsearlier or later seemsespeciallyeffective. With this feature,the userscan convey
a generalidea for how to optimize the scheduleand let the searchalgorithmspursueit. Prior to this
feature,pursuingsimilar ideasoftenrequireda long seriesof manualmovesandsearches.Finally, users
often adjustthe spansizeduring the optimizationsessionbasedon how many machinescompletetheir
operationsnearthemakespanin thecurrentschedule.

A particularlysubjective impressionis thatstrategy playsamoresigni�cant role in theJobshopappli-
cationthanin theotherHuGSapplications.Theusercanoftenthink multiple movesahead,noticingthat
if someoperationis moved earlieror later it will provide �e xibility for someotheroperationwhich, if
moved,will provide �e xibility for someotheroperation,andsoon, eventuallyconnectingto thecritical
path.
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5 RelatedWork

Interactive optimizationsystemshave beenbuilt for a variety of applications,including space-shuttle
scheduling(Chienet al., 1999),graphdrawing (NascimentoandEades,2001),graphpartitioning(Lesh
etal., 2000),vehiclerouting(Waters,1984;Bracklow etal., 1992;Andersonetal., 2000),andconstraint-
baseddrawing (Nelson,1985;HeydonandNelson,1994;GleicherandWitkin, 1994;Ryall et al., 1997).

Otherresearchhasexploredalternative methodsfor dividing thework betweenhumanandcomputer
in cooperativeoptimizationor design.In thespace-shuttleschedulingapplication(Chienetal., 1999),for
example,thecomputerdetectsandresolvescon�icts introducedby theuser'sre�nementsto aschedule.In
interactiveconstraint-baseddrawing applicationse.g.,(Nelson,1985;HeydonandNelson,1994;Gleicher
andWitkin, 1994;Ryall et al., 1997),theuserimposesgeometricor topologicalconstraintson a nascent
drawing suchthatsubsequentusermanipulationis constrainedto usefulareas.Theinteractive-evolution
paradigm,which hasprimarily beenappliedto designproblems,offers a different type of cooperation
(Sims,1991;ToddandLatham,1992).In thisapproach,thecomputergeneratessuccessivepopulationsof
novel designsbasedonpreviousones,andtheuserselectswhichof thenew designsto acceptandwhichto
reject.Thusnovel designsevolve,subjectto user-suppliedselectioncriteria.Thisparadigmhasfounduse
in variouscomputer-graphicsapplications.The HuGSparadigmdiffers signi�cantly from the iterative-
repair, constraint-based,andinteractive-evolution paradigmsin affording theusergreatinvolvementand
greatercontrolof theoptimization/designprocess.

A preliminaryversionof theJobshopapplicationhasbeendescribedbrie�y in ourpreviouswork (Klau
et al., 2002b,a).Of course,therehasbeenextensive researchon automaticoptimizationfor the jobshop
problem(e.g.,ApplegateandCook.(1991);Aartsetal. (1994)).

6 Conclusion

Wehavedescribedanew interactivejobshopschedulingapplicationdevelopedusingtheHuGStoolkit. We
inheritthepowerful,albeitgeneric,local-searchalgorithmsfromtheHuGStoolkit andhavenotfocusedon
improving theef�ciency of thesealgorithmsfor this speci�c algorithm. Instead,we focusedon improv-
ing the interactionbetweenthe applicationandthe user. The visual user-interfaceproved a signi�cant
challenge,asthe jobshopproblemrequiresdisplayinga greatdealof informationof varioustypesto the
enduser. We alsodevelopedgeneralmechanismsfor improving interactionthathave becomepartof the
toolkit: powermovesanduser-controlledobjective functionscombinedwith marking.

Our preliminaryexperiencesuggeststhatuserscanguidethesearchalgorithmsin our applicationto
improve performanceover purelyautomaticalgorithms.More importantly, theinteractivity of our appli-
cationallows usersto steerthesearchalgorithmtowardsolutionsthat re�ect their real-world knowledge
of constraintsandpreferences,andimprovesusertrustandunderstandingof solutionsby allowing them
to participatein their construction.

In the future, we plan to experimentwith othervisualizationswhich will provide moreinformation
aboutwhichoperationsare“near” thecritical path,aswell asthosethatareon it. Wealsoplanto perform
thoroughuserstudies,alongthelinesof thosereportedin (Klau etal., 2002a)for theCrossingandDelivery
applications.
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